
 

1



Table of Contents 
 

Title Author Affiliation  
Forecasting Volatilities in the Equity, Bond and Money Markets: 
A Market Based Approach 

Kent Wang The University of Queensland 
6 

The Dynamic Prediction of Company Failure Maria Kim
Graham Partington 

The University of Sydney 
The University of Sydney 41 

An Evaluation of Financial Health of Non-Life Insurance 
Companies from Developing Countries: The Case of Ghana 

Samuel Simpson
Obi Berko Obeng Damoah 

University of Ghana 
University of Ghana 78 

Information Content of Options Trading Volume for Future 
Volatility: Evidence from the Taiwan Options Market 

Pei-Fang Hsieh
Chuang-Chang Chang 
Yaw-Huei Wang 

National Central University 
National Central University 
National Taiwan University 100 

Towards a Model of the Contributors to Venture Capitalist 
Certification at IPO 

Mike Hopkins
Donald Ross 

Macquarie University 
Macquarie University 133 

Changes in Risk of Foreign Firms Listed in the U.S. following 
Sarbanes-Oxley 

Anna D. Martin
Aigbe Akhigbe 
Takeshi Nishikawa 

St. John's University 
University of Akron 
St. John's University 151 

The Impact of Government Ownership on Banks’ Ratings: 
Evidence from the European Banking Industry 

Andrea Sironi
Giuliano Iannotta 
Giacomo Nocera 

University of Bocconi 
University of Bocconi 
University of Bocconi 177 

The performance of the 130/30 strategy in the Australian 
equities market 

Abhishek Das
Alex Frino 
Elvis Jarnecic 

University of Sydney 
University of Sydney 
University of New South Wales 206 

The pricing and performance of initial public offerings in 
Australia, 1996-2007: A comparison of ordinary, venture capital 
and private equity-backed issues 

Andrew Worthington
Nancy Vu 
Phillip Laird 

Griffith University 
University of Wollongong 
Griffith University 259 

Predicting bank stock performance with fundamental relative 
analysis: simultaneous multi-dimensional benchmarking as an 
investment tool 

Necmi Avkiran
Hiroshi Morita 

University of Queensland 
Osaka University 

282 

Is There Closing Price Manipulation on the Istanbul Stock 
Exchange? 

Ali C. Akyol
David Michayluk 

University of Melbourne 
University of Technology, Sydney 315 

Once Upon a Time: The Day-of-the-Week Effect in German and 
US Stock Market Returns 

Joerg Prokop University of Oldenburg 
346 

An Empirical Investigation of the Short Term and Long Term 
Impact of Recent International Terrorist Attacks on the 
Japanese Equity Market. 

John Anderson
Vikash Ramiah 
Tony Naughton 
Terrence A. Hallahan 

City University London 
RMIT University 
RMIT University 

372 

Loan Loss Reserves and Bank Stock Returns: Evidence from 
Asian Banks 

Agusman Agusman
Gary Monroe 
Dominic Gasbarro 
J. Kenton Zumwalt 

Bank Indonesia 
Australian National University 
Murdoch University 
Colorado State University 422 

Securitization and Systematic Risk in European Banking - 
Empirical Evidence 

Tobias Michalak
Andre Uhde 

University of Bochum 
University of Bochum 440 

Risk Return Relationship Conditional on Market Volatility and 
Market Condition for Indonesian Data 

Nurjannah Monash University 

466 

Changes in Investors' Risk Appetite - An Assessment of 
Financial Integration and Interdependence 

Kong-por Fung
Chi-sang Tam 
Ip-wing Yu 

Hong Kong Monetary Authority 

486 

Initial and Subsequent Equity Offers by New Economy 
Companies 

Zoltan Murgulov 
Graham Bornholt 

Monash University 
Griffith University 521 

A Correction for Classic Performance Measures Hayette Gatfaoui Rouen School of Management 553 



Takeover Waves and Influences of Financial and Economic 
Factors: A Reexamination Using Markov Switching Model 

Lien Duong 
Raymond da Silva Rosa 
H. Y. Izan 

University of Western Australia 
University of Western Australia 
University of Western Australia 587 

Realizing the Impacts of Sovereign Ratings On Equity and 
Currency Markets during Financial Crises: High Frequency 
Evidence from the Pacific-Rim 

Eliza Wu 
Sirimon Treepongkaruna 

University of New South Wales 
Australian National University 

631 

Ownership Structure, Corporate Performance and Failure: 
Evidence from Emerging Market; Panel Data Analysis 

Rami Zeitun Qatar University 

661 

Market Expectation of Appreciation of the Renminbi Cho Hoi Hui
C. F. Lo 
T. K. Chung 

Hong Kong Monetary Authority 

691 

The Effects of Removing Price Limits and Term Structure upon 
Order-Submission Behaviors of IPOs 

Pei-Han Hsin 
Ming-Chang Wang 

Cheng Shiu University 
National Chung Cheng University 713 

Regulatory Risk and Market Reactions - Empirical Evidence 
from Germany 

Marek Kobialka 
Margarethe Rammerstorfer 

Vienna University of Econ. and Business 
Administration 767 

Role of Real Exchange Rate Volatility in Global Equity Home 
Bias 

Anil V. V. Mishra University of Western Sydney 
784 

Do the Sources of Funds used in Stock Repurchase Matter? A 
Credit Risk Perspective 

Hsien-hsing Liao 
Chin-Chun Chang 
Tsung-kang Chen 

National Taiwan University 
National Chiao Tung University 
National Taiwan University 825 

Do Institutions Really Exploit Individuals? The Intraday Losses 
and Offsetting Returns of Discount and Premium Retail 
Investors 

Adrian Lee 
Kingsley Fong 
David Gallagher 

University of New South Wales 
University of New South Wales 
University of New South Wales 871 

ATMs vs. POS Terminals: A Horse Race? Francisco R.Fernández 
Santiago Carbo Valverde 

University of Granada 
University of Granada 911 

Bank Lending, Financing Constraints and SME Investment Santiago Carbo Valverde 
Francisco R. Fernández 
Gregory Udell 

University of Granada 
University of Granada 
Indiana University Bloomington 933 

Contagion Among Hedge Funds: Does Portfolio Diversification 
Matter? 

Benjamin Klaus 
Bronka Rzepkowski 

Goethe University Frankfurt 
European Central Bank 973 

Re-Evaluating Futures Hedge under Time-Varying Risks Yu-Sheng Lai 
Her-Jiun Sheu 

National Chiao-Tung University 
National Chiao-Tung University 1010 

Nonlinear Stock Price Adjustment in the G7 Countries Fredj Jawadi Sr. 
Georges Prat 

Amiens School of Management 
Université Paris X Nanterre 1025 

The process of development and adjustment of the Polish 
banking sector to the European integration and competition on 
the global financial market 

Killion Munyama 
Ewa Kulinska-Sadlocha 

Poznan University of Economics 
Poznan University of Economics 

1054 

Competing in Global Niche Markets: The Case of Macquarie 
Bank 

Cameron Elliott Gordon Cameron Elliott Gordon 
1067 

Obey the Law and Do a Little Bit Extra? Reimo Juks Stockholm School of Economics 

1085 

The Intertemporal Relation between Risk and Returns in 
Australia 

Bin Li University of Queensland 
1120 

Exploring the Link between Bankruptcy and Corporate Control Murray Reynolds University of Otago 1145 

Extremal Expectations: A Paradigm for Fat-Tails Nagaratnam Jeyasreedharan University of Tasmania 1208 

Why are Community Banks in Australia Successful? An 
Exploration 

Elizabeth Duncan La Trobe University 
1254 

Index Arbitrage and the Pricing Relationship between Australian 
Stock Index Futures and Their Underlying Shares 

James Cummings 
Alex Frino 

University of Sydney 
University of Sydney 1275 



Banks' Lending Behavior Under Uncertain Macroeconomic 
Environments - The Case of Japan 

Kimiyo Kitamura Chuo University 
1317 

Price Formation and Liquidity Surrounding Large Trades in 
Interest Rate and Equity Index Futures 

James Cummings 
Alex Frino 

University of Sydney 
University of Sydney 1344 

Is Bookbuilding an Efficient IPO Pricing Mechanism? - The 
Indian Evidence 

Kumar S.S.S. Indian Institute of Management 
1410 

Macroeconomic Fundamentals, Price Discovery and Volatility 
Dynamics in Emerging Markets 

Sylwia Nowak 
Jochen Andritzky 
Andreas Jobst 
Natalia Tamirisa 

Australian National University  
International Monetary Fund  
International Monetary Fund  
International Monetary Fund  1442 

Deafened by Noise: Do Noise Traders Affect Volatility and 
Returns? 

Edward Podolski-Boczar 
Petko S. Kalev 
Huu Nhan Duong 

Monash University 
Monash University 
Monash University 1474 

Credit Rating Agencies' Function on Bond Markets: Price 
Stability vs. Information Transmission 

Jean Noel Ory 
Philippe Raimbourg 

University of Metz 
Université Paris I Panthéon-Sorbonne 

1509 

A Closer Examination of Capital Structure Convergence and 
Persistence 

Yangyang Chen University of Melbourne 

1546 

When the Going Gets Tough: Board Capital and Survival of 
New Economy IPO Firms 

Gary Gang Tian 
Nongnit Chancharat 
Chandrasekhar Krishnamurti 

University of Wollongong 
University of Wollongong 
Auckland University of Technology 1592 

Understanding World Commodity Prices: Returns, Volatility and 
Diversification 

Mei-Hsiu Chen University of Western Australia 
1623 

The Effects of Diversification on Bank Performance from the 
Perspective of Risk, Return and Cost Efficiency 

Begumhan Ozdincer 
Cenktan Ozyildirim 

Istanbul Bilgi University 
Istanbul Bilgi University 1665 

Value of Analyst Recommendation: China Evidence Fengyu Wang The University of Hong Kong 1680 

Oil Price and Industry Stock Returns: Evidence from Indonesia Elis Deriantino 
Agusman Agusman 

Bank Indonesia 
Bank Indonesia 1731 

Generalized Rank Test for Testing Cumulative Abnormal 
Returns in Event Studies 

Seppo Pynnonen University of Vaasa 
1747 

Trading Performance of Individual, Institutional, and Foreign 
Investors: Evidence from the Stock Exchange of Thailand 

Nareerat Taechapiroontong 
Prapaporn Suecharoenkit 

Mahidol University 
 
Mahidol University 1780 

Short Run and Long Run Dynamics of Initial Public Offerings: 
Evidence from India 

Priyanka Singh 
Brajesh Kumar 

Indian Institute of Management 
Indian Institute of Management 1815 

Some Results on the Rational Lognormal Model and its Jump 
Extension 

Peter T. O'Brien 
David B. Colwell 

University of Western Sydney 
University of New South Wales 1852 

Optimal Dynamic Hedging in Commodity Futures Markets with 
a Stochastic Convenience Yield 

Constantin Mellios 
Pierre Six 

Université Paris I Panthéon-Sorbonne 
Université Paris I Panthéon-Sorbonne 1875 

Do Investors Benefit from the Use of Options and Complex 
Derivatives Strategies: Evidence from Hedge Funds 

Jarkko Peltomaki University of Vaasa 
1921 

How Do Firms Choose between Intermediary and Supplier 
Finance? 

Christina Atanasova 
Dimitar Antov 

Simon Fraser University 
Northwestern University 1981 

The Efficiency and Productivity of Malaysian Banks: An Output 
Distance Function Approach 

Mariani Abdul Majid 
David S. Saal 
G Battisti 

Universiti Kebangsaan Malaysia 
Aston University 
University of Nottingham 2012 

Marco Polo to Kublai Khan: An Exploration of the World City 
Network (Taylor, 2004) and Firms' Capital Structure in the Asia 
Pacific Region 

Patricia A. McGraw 
Mariani Abdul Majid 
Stephen Joyce 

Ryerson University 
Universiti Kebangsaan Malaysia 

2050 



Portfolio Decisions and the Optimal Deductible for an Insurance 
Policy 

Inwon Jang 
Richard Wong 
H.S. Huh 

Merrimack College 
Hartford Investment Management 
Yonsei University 2066 

The Determinants of International Financial Integration 
Revisited: The Role of Networks and Geographic Neutrality 

Emili Tortosa-Ausina 
Ivan Arribas 
Francisco Perez 

Jaume I University 
University of Valencia 
University of Valencia 2091 

The Use of Capital Budgeting Techniques in Businesses: A 
Perspective from the Western Cape 

Pradeep Brijlal University of the Western Cape 

2136 

Islamic Hedging: Gambling or Risk Management? Saadiah Mohamad 
Ali Tabatabaei 

Universiti Teknologi MARA 
Universiti Teknologi MARA 2153 

Factors Determining Bank Risks: A European Perspective Mamiza Haq 
Richard A. Heaney 

University of Queensland 
RMIT University 2170 

Evolution of Liquidity: An Integrated Order Strategy Model of 
Uninformed and Informed Traders 

Ming-Chang Wang 
Lon-Ping Zu 

National Chung Cheng University 
Shih Chien University 2214 

Is Option Market Only Informative Prior to Extreme 
Informational Event? Empirical Analysis of Option Volume 
Before Earnings Announcement 

Ying Chao Zhang 
William Cheung 

University of Macau 
University of Macau 

2265 

To Complete or Not to Complete a Takeover Deal: Will 
Managers Swim Against the Current? 

Marcela Whitehead 
Jerry T. Parwada 
Ronan Powell 
Terry Walter 

University of New South Wales 
University of New South Wales 
University of New South Wales 
University of Technology, Sydney 2283 

Non-Tradable Share Reform and Convergence between 
Chinese Cross-Listed A and H Shares 

Yuan Fang Zhao 
Gary Gang Tian 
Andrew Tan 

University of Wollongong 
University of New South Wales 
University of Wollongong 2316 

Balancing the Seesaw: How Australia's Carbon Pollution 
Reduction Scheme Can Fail 

Andrew Tan
Mary Kaidonis 
Lee Moerman 

University of Wollongong 
University of Wollongong 
University of Wollongong 

2343 

Component Structure of Credit Default Swap Spreads and Their 
Determinants 

Peipei Wang 
Ramaprasad Bhar 
David B. Colwell 

University of New South Wales 
University of New South Wales 
University of New South Wales 2364 

Capital Structure, Industry Pricing, and Firm Performance S. V. D. Nageswara Rao 
Vishnu S. Ramachandra 

Indian Institute of Technology 
Indian Institute of Technology 2410 

Cooperative Banks & Local Government Units - Areas of 
Collaboration (Poland Case Study - Research Results) 

Joanna Przybylska Poznan University of Economics  2437 

Linkages between the Malaysian Market and Some Selected 
Markets 

Shaista Wasiuzzaman 
Lim Ai Li 

Multimedia University 
2447 

Evaluation of Hedge Fund Returns Value at Risk Using GARCH 
Models 

Sabrina Khanniche Université Paris X Naterre 
2474 

Foreign Currency Hedging and Firm Value: A Dynamic Panel 
Approach 

Shane Magee Macquarie University  2527 

Noise and Efficient Variance in the Indonesia Stock Exchange Thomas Henker 
Zaafri A. Husodo 

University of New South Wales 
University of New South Wales 2563 

Executive Pay, Talent and Firm Size Peter Lawrence Swan 
Jaeyoung Sung 

University of New South Wales 
University of Illinois at Chicago 

2606 

Price Discovery, Cross-Listings and Exchange Rates: Evidence 
from Australia and New Zealand 

Aaron Gilbert
Bart Frijns 
Alireza Tourani-Rad 

Auckland University of Technology 
Auckland University of Technology 
Auckland University of Technology 2669 

Sustainability May Cost the Earth: Examining the Strategic and 
Financial Consequences of Banks' Sustainable Corporate 
Strategy 

Les Coleman University of Melbourne 

2701 

 



Electronic copy available at: http://ssrn.com/abstract=1099585

 2

Forecasting Volatilities in the Equity, Bond and 
Money Markets: A Market Based Approach 

 
                                                                  

Kent  Wang1 
UQ Business School 

The University of Queensland 
 

 
Abstract 
 
This study examines the forecasting power of the most popular volatility forecasting models in 
the S&P 500 index market, Eurodollar futures market, and 30-year US T-Bond futures market at 
daily level. A new way to evaluate volatility forecasting models by applying the out-of-sample 
testing techniques in the practice of option pricing is proposed. The approach develops Karolyi’s 
(1993) Option Pricing Error approach empirically. Spurious regressions biases and biases of 
measurement of volatility forecasts are controlled for. The evidence from this paper supports use 
of implied volatility as a proxy for market volatility, as it works best in forecasting realized 
volatility. It is also concluded that volatilities in the three markets follow a Stochastic Volatility 
process. These empirical results are consistent with some previous findings and the predictions of 
Rational Expectations theory and the approach used is tested to be robust. 
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1.  Introduction  

Forecasting volatility in financial markets has held the attention of academics and 

practitioners for many years. The importance of the issue is well documented. 

Generations of researchers have worked to provide superior forecasting techniques 

and examine the forecasting accuracy of the techniques2 but there is still no clear 

conclusion as to which forecasting method best predicts financial market volatility. 

Although the debate continues, it is generally believed that the success of a volatility 

model lies in its out-of-sample forecasting power. The typical method to measure 

out-of-sample forecasting power is to use some of the traditional error metrics such as 

the Mean Square Error (MSE), the Root Mean Square Error (RMSE), and the Mean 

Absolute Error (MAE), for example. Fair and Shiller’s (1990) regression based 

forecast evaluation is another popular method. An alternative approach, which does 

not seek to make statistical inference, evaluates model performance using measures of 

economic significance. Examples of such an approach include portfolio improvement 

based on volatility forecasts (Fleming, Kirby and Ostdiek, 2003), and testing 

forecasting accuracy by measuring the impact on option pricing error (Karolyi, 1993). 

Compared to the statistical methods, these approaches put more emphasis on the 

economic significance of the model forecasts, and thus have more appeal to 

investment practice. Although the option pricing error approach (Karolyi, 1993) is 

well justified, critics suggest that if there is any error in the option model the 

consequent bias in the volatility forecasts will be cancelled out when the option 

implied (volatility) is reintroduced into the pricing formula. Hence, it is not surprising 

                                                        
2 Poon and Granger (2003) provide an excellent review of the literature. 
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that in an evaluation involving comparison of option pricing errors, the implied 

volatility is ‘preferred’ to all other time series models. That is, implied volatility, 

unlike other volatility forecasts, is not independent of price. As implied volatility is 

frequently argued to be one of the most important volatility forecasting models 

currently in use, an alternative way to compare the forecasting power of the various 

volatility models—including implied volatility—using the option pricing error 

approach, needs to be found. This paper provides a means to circumvent this problem.  

 

To account for the argument that implied volatility is not independent of option prices, 

a two-step market-based approach is proposed. In step one, the forecasting power of 

volatility models other than implied volatility is compared using the option pricing 

error approach. Forecasts developed from various volatility models are compared in 

pricing the next day’s option. If the volatility forecast is superior, it should produce a 

more accurate option pricing result using the same option pricing method and 

procedure. The author chooses the market price of the next day’s option as the 

judgment criterion, and selects the best volatility forecast by determining which 

forecast produces the smallest pricing error to the observed market price of the option. 

By doing so, we assume that the market pricing of options is correct; this is a key 

underlying assumption for any work that uses market price as a criterion. In step two, 

implied volatility is compared to the winner (the most accurate forecast) from the first 

step, based on an unbiasedness regression test. The market-based approach is applied 

in the S&P 500 index market, the 30-year US Treasury Bond futures market, and the 
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3-month Eurodollar futures market3. It is found that the market-based approach is 

feasible and robust and that implied volatility works relatively better in forecasting 

volatility in the three markets. The paper is organized as follows. Section 2 provides a 

theoretical framework and discusses the forecasting methods used in this study; 

Section 3 discusses the research methods; and Section 4 presents the empirical results; 

Finally, Section 5 summarizes and offers some conclusions. 

2.  A Theoretical Framework and Volatility Forecasting Models 

As noted before, the method used in this study assumes fair, rational, and efficient 

option market pricing. Based on this assumption, a simple theoretical framework is set 

up to facilitate the study. 

2.1 A Theoretical Framework4 

The first of the two steps involves using the volatility forecast at time t to price the 

at-the-money (ATM) option next day at time t+1. To explain this, suppose the time 

t+1 value of an option expiring at T is: 

1 1 1,[ ( )]t t t TP E f σ+ + +=                                             (1)                 

where the expected model value, (.)f , is evaluated at the average instantaneous 

volatility over the option’s life: 21
1

1,
( 1)

T
t

t
T dx

T t
σσ +

+
=

− + ∫ .  

It is known that for near expiration ATM options, the option pricing model (.)f  is 

linear in its volatility argument, so,  

1 11, 1,[ ( )] ( [ ])t tt T t TE f f Eσ σ+ ++ +≈                                         (2) 

                                                        
3 Nasar (1992) discusses how the US Federal Reserve explicitly takes the volatility of stocks, bonds, 
and currencies markets into account in establishing its monetary policies. This serves as a motivation 
for the markets examined in the present study. 
4 The model is similar to those used in previous works including Bollen, Smith and Whaley (2003) and 
Fleming (1998). 
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Thus, 

11 1,( [ ])tt t TP f E σ++ +≈                                            (3) 

Suppose that: 

1 1
1

, ( )t tT f Pσ + +
−≡                                                       (4) 

is the volatility inverted from the option pricing model, hence  

1 1, 1,[ ]t tT t TEσ σ+ + +=                                                 (5) 

Eq. (5) means that the inverted volatility should represent an unbiased forecast of the 

realized volatility over the life of the option. 

Suppose we are now at time t, tΦ is the best available information. Either because 

(.)f  is not adequately specified or 1tP +  is unknown, 1,t Tσ +  cannot be calculated 

or numerically obtained, but must be estimated. So, let 

1,[ ]t t t TEσ σ +=                                                     (6)                 

represent the best estimate of  1,t Tσ +  at time t, in the study it also represents various 

volatility forecasts. Thus from (5), by the law of iterated expectation, 

11, 1, 1,[ ] [ [ ]] [ ]t t t t tt T t T t TE E E Eσ σ σ σ++ + += = =                             (7) 

Eq. (7) implies that tσ  is also the unbiased estimator of the realized volatility over 

the option’s life. Therefore various volatility forecasts at time t can be used in option 

pricing at time t+1 for comparison. The best forecast will produce the smallest pricing 

error. 

2.2 Volatility Forecasting Models 

Generally, there are two main sources of volatility forecasts in the literature: One is 

forecasting based on modeling past observations; this category includes most of the 
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volatility forecasting models like Historical Volatility models, Moving Average 

models, EWMA models, ARCH/GARCH class models, and Hybrid models etc.; The 

other source is forecasting based on implied volatility calculated from observed 

option prices. Theoretically, implied volatility should reflect all available information 

and should be superior to other volatility models that only rely on time series 

information. But evidence is mixed. In the present study, the forecasting power of 

Historical Volatility models, the Moving Average (MA) model, the EWMA model, 

ARCH/GARCH class model, and the implied volatility model will be compared. They 

are briefly discussed below. 

2.2.1 Forecasts Based On Modeling Past Observations  

a. Historical volatility 

Historical volatility is the annualized volatility of daily returns during a specific 

period in the past. To annualize the daily volatility, we simply multiply the square root 

of the number of trading days in a year, 252 :   

2

1

1 ( )
( 1)

n

his i

i

R
n

σ μ
=

= −
− ∑                                            (1) 

where iR  is the log daily return on financial asset, and μ  is corresponding mean of 

the n daily log returns. The historical volatility assigns each squared return 

deviation, 2( )iR μ− , after time n, a weight of 1/(n-1), while observations before time n 

a weight of zero. An obvious issue in applying the historical volatility is to choose the 

cutoff date of n. While setting the length of the period used to calculate historical 

volatility, n, equal to the length of the forecasting period is a common convention (see 

Ederington and Guan(2004)), Figlewski (1997) finds that forecast errors are generally 
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lower if the historical volatility is calculated over a longer period. Thus, the study 

considers the 40-day historical volatility and the 60-day historical volatility in this 

study.  

b.  Moving Average (MA) volatility 

A moving average model is often used in traditional time-series analysis by market 

analysts as a predictor of mean returns. Some moving average models have also been 

used to estimate and forecast unconditional volatility (see, for example, Brailsford and 

Faff (1996)). The rolling window of the Moving Average model was set at 60 days to 

ensure consistency with other volatility models in the study. The Moving Average 

(MA) model is expressed as: 

2

1

1 n

t t j

jn
σ σ −

=

= ∑                                                  (2) 

where 2
t jσ −  is volatility estimates calculated as historical variance in the estimation 

period of the sample, n equals 60, and the first Moving Average volatility forecast 

begins from the first day of the forecasting period in the sample.  

c.  EWMA volatility 

The Exponential Weighted Moving Average (EWMA) model puts more weight on the 

more recent observations, and thus takes some account of the dynamic ordering in 

returns. When the EWMA is applied to squared return deviations the resulting 

volatility estimate will react immediately following an unusually large return. The 

effect of this return in the EWMA gradually diminishes over time. The reaction of the 

EWMA volatility estimates to market events therefore persists over time, and with a 
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strength that is determined by the smoothing factorβ , which is a number between 0 

and 1. The following model is used to calculate the EWMA variance: 

2 1 2
,

1
(1 ) ( )

n
i

EWMA t t i
i

Rσ β β μ−
−

=

= − −∑                                         (3) 

where μ  is the n period mean of log returns. EWMA volatility can be derived by 

taking square root of the above variance and annualizing it in the usual manner. 

Normally, there is no need for the look back period n to be specified, because the 

EWMA model will eventually place no weight at all on observations far in the past. In 

this paper, all the sample observations dating back to 2002 are used. The β  is set to 

be 0.94, following the by far best known EWMA model user, Riskmetrics’ choice (see 

Riskmetrics 1996). It is well understood that the implied forecast for a future time t+h 

from the above EWMA model is identical to that for period t+1, i.e., at time t, 

, 1 ,EWMA t EWMA t hσ σ+ += . So, to obtain a continuous series of EWMA forecasts for 

each day after time t until time h, the EWMA estimation and forecasting are repeated 

for (h-t) times.  

d.  ARCH/GARCH volatility  

Volatility generated from the historical data which is described as an ARCH/GARCH 

process is another popular volatility forecast. Here we define ARCH(p), GARCH(p,q) 

in the usual manner: 

                                                            

2 2
0 1

1

p

t i t i

i

σ α α ε + −

=

= + ∑
                                                   (4) 

And                                                     
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2 2 2
0 1

1 1

q p

t i t i i t i
i i

σ α α ε β σ+ − −

= =

= + +∑ ∑
                                       (5) 

ARCH(1) through to ARCH(9), GARCH(1,1), GARCH(1,2), GARCH(2,1) and 

GARCH(2,2) are used in the selection for this study. Asymmetric ARCH/GARCH 

models like EGARCH(1,1), and TARCH are also included in the comparison to 

determine the best ARCH/GARCH model. The selection of the ARCH/GARCH 

model in each of the markets is discussed in detail in Section 3 and model fitting 

results for the 15 candidate ARCH/GARCH models in selecting the best 

ARCH/GARCH fit in the three markets are presented in the Appendix. 

2.2.2  Forecasting Based On Implied Volatility 

Implied volatility is volatility calculated from observed option prices by inverting the 

relative option pricing formulas like Black-Scholes-Merton (BSM) and 

Cox-Ross-Rubinstein (CRR) using numerical methods like the Newton-Ralphson 

method. If we define the option pricing formula as f(.), and f -1(.) is its inverse 

function, then the implied volatility can be expressed as: 

( 1) ( )implied f pσ −=                                                   (6) 

where p is the observed market option price. An obvious issue then is to choose option 

price for use in calculating the implied volatility. Beckers (1981) shows that using 

only at-the-money (ATM) options is preferable to other weighting schemes. Further, 

the at-the-money (ATM) options are the most liquid options and thus are the least 

likely to suffer from nonsimultaneity problems. Jorion (1995) also suggests that using 

the arithmetic average of the implied volatilities from at-the-money call and put 

alleviates some of the measurement problems derived from misspecification of the 
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option pricing models. In this study, we use the VIX from CBOE in S&P 500 market. 

VIX is calculated based on a variety of option series and incorporates more 

information than implied volatility from just one class of options. In the Eurodollar 

futures and 30-year US T-Bond futures markets, at-the-money interpolated implied 

volatility is used. In calculating the at-the-money interpolated implied volatility, the 

nearest two options series at-the-money (ATM) are used: one just above and one just 

below the underlying price; the implied volatilities used are averages of the call and 

put implied volatilities.  
 

3.  Research Method 

3.1 Data 

The data needed for generating various volatility forecasts and for option pricing were 

collected and computed as daily observations from June 18th, 2002 to June 16th, 2006. 

For the S&P 500 index market, the call and put options on the S&P 500 index were 

collected from the CBOE. Both the call and put option prices are daily series. All the 

option prices are settlement prices of the single option closest to ATM. The option 

price is set to equal to the mid point of the Bid/Ask. Daily closing values of the S&P 

500 index values were obtained from the CBOE. During the sample period, the annual 

dividend yield rates on the S&P 500 index portfolios were obtained from DataStream. 

Strike prices and time to maturity of the options were obtained from the CBOE and 

DataStream. The yield of a discount bond—Eurodollar Certificates of deposit (CD’s) 

—was chosen as the risk free interest rate input for the option pricing. Observations 

where any of the above data needed for option valuation were not available were 
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eliminated (40 cases in each market). In the Eurodollar futures market, only the call 

option prices from the CME (The Chicago Mercantile Exchange) were obtained. 

Other inputs for option pricing are obtained in the same manner as for the S&P 500 

index market.5 In the 30-year US Treasury Bond futures market, the call option prices 

were obtained from the CBOT. The resulting sample has 1008 observations for each 

market. 

3.2 The Two Steps 

A two-step approach is proposed in this study to circumvent the problem the option 

pricing error approach (Karolyi, 1993) has with implied volatility. The objective of 

the first step is to find out the best forecast in a group excluding implied volatility. 

The second step compares the most accurate forecast with implied volatility using a 

regression based forecasting evaluation method over the same forecasting period and 

for the same asset. The same forecasting period and the same asset ensure that the 

comparison using the two steps is consistent. The methodology of the two-step 

process is discussed in detail below. 

3.2.1 Option Pricing Error Approach to Evaluate the Volatility Forecasts (step one)    

3.2.1.1 Generate Volatility Forecasts 

The sample period in the study is divided into estimation period and forecasting 

period. The initial estimation period is the first year from June 18th, 2002, to June 17th, 

2003 (daily observations 1 to 252), and the forecasting evaluation period begins from 
                                                        
5 In constructing the continuous daily Eurodollar futures prices and hence obtaining the annual yield ratio, the 
splice method was used so that the futures contracts with the greatest volumes were selected. Switching days from 
old contract to new contract are determined by the day when the volume of the new contract trading exceeds the 
old contract. The continuous futures price series were hence generated to make sure that contracts with the greatest 
volumes were selected. This splice method was also used in the bond market data collection. 
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the second year on June 18th, 2003, until June, 16th, 2006 (daily observations 253 to 

1008). Asset log returns are computed as 1ln( / )t tP P − . The 40-day and 60-day 

historical volatilities, moving average volatility and the EWMA volatility can be 

calculated directly. For the ARCH/GARCH volatility, the estimation period is the 

whole sample period. The correct ARCH/GARCH model is determined by fitting 

different ARCH/GARCH models and selecting the best fit according to a set of 

criteria6. Once the best ARCH/GARCH model is determined, it will be used in 

generating forecasts for the next-day volatility7.  

3.2.1.2 Option Pricing Methods and Error Metrics  

Since the S&P 500 index is on dividend paying stocks, and the option style is 

European, the Black-Scholes-Merton (BSM) option pricing model is employed in 

deriving the model values for each of the next day’s ATM S&P 500 index options. In 

the Eurodollar futures market, as options are American Call/Put options on 

non-dividend paying stocks, Black’s futures option pricing model is applied in 

computing the value of the option. To circumvent the problem of 

non-lognormal-distribution of the Eurodollar futures price relatives, the lognormal- 

distribution-of-the-yield pricing method from Stoll and Whaley (1993) is applied. In 

the 30-year US Treasury Bond futures market, we accept the assumption that 

long-term bond prices are log normally distributed at the option’s expiration,8 and the 

Quadratic Approximation method proposed by Barone-Adesi and Whaley (1987) is 

                                                        
6 The criteria include correlogram-Q-statistics, correlogram of standardized residuals squared, normality test on 
standardized residuals, ARCH LM test statistic, and the Bayesian Information Criterion (BIC). 
7 This procedure ensures that only information available at time t is used to forecast volatility at time t+1. 
8 For short term options, this assumption is plausible, particularly when the underlying bond has a long time to 
maturity. See Stoll and Whaley (1993) for more discussion.  
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applied. 

Once the forecasting evaluation begins, various volatility model forecasts discussed 

above are put into the appropriate option pricing formula to derive the model values 

of the option prices. Then the option model values are compared to the market price 

of the option. The error metrics used to evaluate the option pricing results are: 

   1.  The mean squared valuation error and its root (RMSVE). This statistic is the      

       square root of the average squared deviation of the calculated option prices     

       from the options’ market prices. 

   2.  The mean square error (MSE) is defined as the average valuation square error 

       of the calculated option value to the mid point of the bid/ask. 

    3.  The mean absolute error (MAE) is the average absolute valuation error  

   of the calculated option values to the mid point of the bid/ask. 

3.2.2 Comparing the Implied Volatility Forecast with the Winning Forecast (step two) 

The second step of the study involves comparing the forecasting power of implied 

volatility to that of the winner forecast (the most accurate forecast) with a regression 

based forecasting evaluation method as proposed by Fair and Shiller (1990). The 

realized volatility over the life of the option is adopted as the independent standard to 

compare implied volatility and the other forecast. An unbiasedness test is performed 

by running the following regression: 

1, *t T tjσ α β σ+ = +                                                      (14) 

where, 1,t Tσ +  is the realized volatility of the underlying asset from time t+1 until 

the option expires at time T,; In this study, we calculate the realized volatility as below 
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following Andersen et al (2003)’s realized volatility model: 
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Where R is log daily return from t+1 to T.  And α  and β  are a constant and the 

coefficient to be estimated respectively; j refers to either implied volatility model or 

the winning forecast model; tjσ  is thus either the implied volatility at time t, or the 

volatility forecast from the winning model at time t. If the implied volatility or the 

winning forecast is an unbiased forecast of the realized volatility over the option’s life, 

α  and β  should not be statistically different from zero and one respectively. But, as 

is well known, time-series volatility data have a high degree of serial correlation and 

this raises a concern about spurious regressions results. This topic is addressed below.  

3.2.2.1 Spurious Regressions 

In equation (14), the series are specified in levels and each series has a high serial 

correlation.9 One source of the serial correlation is volatility persistence. To the 

extent that these series are nonstationary, Eq. (14) represents a spurious regression. 

Granger and Newbold (1974) and Phillips (1986) demonstrate the invalidation of 

conventional inference under such conditions.  

Using the ADF or the PP (Phillips and Perron) test, the nonstationarity of each of the 

volatility series could be rejected; however, the spurious regression problem may still 

affect inference based on small samples. Therefore, an alternative specification 

similar to that commonly used to evaluate the unbiasedness of forward prices is 

                                                        
9 The high serial correlations of volatility series have been documented in Fleming (1998), Andersen et al (1999) 
etc. 
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adopted.10 To develop this alternative, note that 1t jσ −  is available in the time t 

information set, tΦ , so, from Eq. (7), we have: 

1 11,[ ]tj t j t t jt TEσ σ σ σ− −+− = −                                      (16) 

Hence, if tjσ  is unbiased for 1,t Tσ + , then α  and β  should be indistinguishable 

from zero and one in the following regression: 

1, 1 1( ) *( )t T t j tj t jσ σ α β σ σ+ − −− = + −                                 (17) 

To the extent that tjσ  follows a random walk, its first differences will be serially 

uncorrelated and Eq. (17) is free of the spurious regression problem. Another concern 

in the unbiasedness test is over the measurement bias of the implied volatility and the 

winning forecast in the regression of Eq. (17). This concern is addressed as follows. 

3.2.2.2 Correcting the Measurement Bias 

Mismeasurements of implied volatility may induce the so called 

errors-in-the-variables problem in the unbiasedness test regression. Similar concerns 

apply to the volatility forecast from the first step. In the regression above (Eq. (17)), 

using the first year’s data of the sample, one may find that bias exists. It is then 

appropriate to correct these biases in the out-of-sample period, i.e., the α  and β  

from the first year are used to make the adjustment for the rest. We refer to these bias 

corrected forecasts as the measurement-bias-corrected (MBC) volatility forecasts. The 

correction yields 756 MBC implied volatilities. Then, the following regression is run 

to compare the forecasting power of the two volatility forecasts: 

1, 1 1( ) *( )t T t j tj t jσ σ α β σ σ+ − −− = + −                                       (18) 

                                                        
10 The method used here is similar to the one used in Fleming (1993), the preceding working paper to Fleming 
(1998). Fleming (1993) is believed to be the first to address these issues in the regression based forecasting tests.  
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t=253,254,……1008. 

where 1( )tj t jσ σ −−  is the MBC implied volatility. The procedure is repeated to 

correct the winning forecast volatility measurement biases in all three markets as well. 

The forecasting power of the implied volatility and the winning model volatility for 

the realized volatility can be evaluated using the Eq. (18) by comparing the R-squares 

of the regressions.11 The empirical results from the two steps are presented in Section 

4. 

4.  Empirical Results 

4.1 ARCH/GARCH Model Selection in the Three Markets 

A set of ARCH/GARCH model selecting criteria mentioned before are followed for 

the selection of the best ARCH/GARCH model to generate ARCH/GARCH forecasts. 

The underlying asset returns’ volatility processes are modeled with the 15 

ARCH/GARCH models described earlier. Consequently, EGARCH(1,1) is chosen for 

both the S&P 500 index market,12 and the Eurodollar futures market; ARCH(1) is 

chosen for the 30-Year Treasury Bond futures market.  

4.2 Empirical Results From the Market-Based Approach in Step One 

Table 1 reports the option pricing results from using the volatility forecasts in pricing 

the next day’s ATM call and put options in the three markets. The pricing errors are 

generally small in magnitude for all forecasts. Panel A reports results in the S&P 500 

market. If both call and put options are viewed together, 60-day historical volatility is 
                                                        
11 OLS with HAC standard errors is used in this study for estimating alpha and beta in the Eq. (18). Some would 
prefer other econometric methods like GMM. But serial correlation will result in the standard errors being biased 
but will leave the coefficients and R^2 unchanged. Using OLS with HAC standard errors is equivalent to running 
GMM where moment conditions are the normal equations of OLS.    
12 The results confirm the existence of leverage effect in the equity and money markets and are consistent with 
findings from Bekaert and Wu (1997) and Bouchaud, Matacz and Potters (2001).  
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the best to produce the smallest pricing error. For the call option, the 60-day historical 

volatility produces the best pricing results across the measures. For the put option only, 

two of the three measures (the MAE is the exception) indicate that the 60-day 

historical volatility outperforms the other volatility forecasts in pricing the next day’s 

ATM put options in the S&P 500 index market. The result that 60-day historical 

volatility produced smaller pricing errors than did the 40-day historical volatility 

confirms Figlewski (1997) among others’ findings that forecast errors are generally 

lower if the historical volatility is calculated over a longer period. Panel B reports the 

pricing results using the volatility forecasts to price the next day’s ATM call options in 

the Eurodollar futures market. 60-day historical volatility again produces the smallest 

RMSVE, MSE and MAE. The pricing results using the volatility forecasts to price 

next day’s ATM 30-year US Treasury Bond futures call options are reported in Panel 

C. They suggest that ARCH(1) volatility produces the best pricing result among the 

volatility models. Hence, in step two, the implied volatility forecasts are to be 

compared to the 60-day historical volatility forecasts in the S&P 500 index and the 

Eurodollar futures markets, and to the ARCH(1) volatility forecasts in the 30-year US 

Treasury Bond futures market.   

*(Table 1 appears here) 

4.3 Empirical Results from Comparing Implied Volatility and the Winning Forecasts 

Before comparing the implied volatility and the winning forecast using the regression 

based evaluation methods described earlier, it is necessary to compute the actual 

volatility realized over the life of the options, 1,t Tσ + . We calculate this actually 
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realized volatility as historical volatility.  Table 2 reports the unbiasedness test results 

for implied volatility and the winning forecasts in the three markets.  

*(Table 2 appears here) 

In Panel A, comparing the R^2 of the regressions, the VIX 

(measurement-bias-corrected) has more explanatory power than the 60-day historical 

volatility and exhibits a relative stronger relation with realized volatility. This result 

indicates that, in term of information content, implied volatility of the day has more 

information regarding the next-day realized volatility than incorporating information 

up back to 60 days in the past. Apart from the information richness explanation, this 

result may also be validated by volatility persistence. The negative intercept (α ) 

indicates that the VIX, on average, overstates realized volatility. The two Wald 

statistics w reported indicate strong unbiasedness rejections for both volatility 

forecasts. These findings are consistent with Fleming’s (1998) findings using the S&P 

100 index options (OEX). Panel B reports the unbiasedness test results in the 

Eurodollar futures market. Implied volatility outperforms the 60-day historical 

volatility. The Wald statistics reject the unbiasedness for both forecasts. Panel C 

contains the unbiasedness test results in the bond market. R-square statistics suggest 

that implied volatility has more explanatory power for the next-day realized volatility 

than does the ARCH(1) volatility. This finding is consistent with evidence from 

Lamoureux and Lastrapes (1993) and Jorion (1995) that implied volatility estimates 

outperform GARCH-class forecasts. Again, the Wald statistics reject the unbiasedness 

null for both volatility forecasts. The negative intercept of the implied volatility 
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regression once again suggests that implied volatility forecasts on average overstate 

the realized volatility in the Treasury Bond futures market.  

Though implied volatility forecasts are found to have more explanatory power than 

the winning forecasts in all three markets, the R-square are low for all forecasts. The 

rejection of unbiasedness in all of the three markets may not seem surprising given the 

limitations of Eq. (5) and Eq. (6). Biasedness may be caused by misspecification of 

the volatility process, by mis-priced option prices from which the implied volatilities 

are calculated, or by the existence of early exercise possibilities. As noted in Fleming 

(1998), the prospect of early exercise will shorten the forecasting horizon underlying 

the implied volatility, and periods of lower volatility correspond with lower option 

time value and therefore greater probability of early exercise. In turn, the possibilities 

of higher volatility receive more weight in determining the option’s value, and may 

cause the implied volatility to overstate the realized volatility. For historical volatility 

and ARCH(1) volatility, the rejection of unbiasedness is not unexpected as it is 

frequently argued that volatility follows an autoregressive process and therefore the 

slope coefficient is less than one. Given the above analysis, a series of robustness 

checks for the above empirical results are performed.  

4.4 Robustness Checks 

The empirical results indicate that ATM implied volatilities best forecast realized 

volatilities over the life of the option in the three markets. One issue arising is whether 

the results are sensitive to the chosen implied volatility measures. In the robustness 

analysis, alternative implied volatility measures are used. The decision to apply the 
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market-based approach to the ATM call options only in the money and bond markets 

is motivated by noticing that put option pricing methods for American-style options 

are still immature. Further, implied volatility inverted from American-style put option 

prices are more biased due to misspecification of option pricing methods (see Whaley, 

2003). Therefore, the robustness analysis is carried out in the S&P 500 index market 

only. 

The present analysis uses (1) implied volatility calculated from the ATM S&P 500 

index call option only; (2) implied volatility calculated from the ATM S&P 500 index 

put options only; (3) ATM average implied volatility calculated from both call and put 

implied volatilities (average of (1) and (2)); and (4) implied volatility that minimizes 

the sum of squares of both call and put options, that is, implied volatility tσ  that 

minimizes: 

2 2( ( )) ( ( ))t p t t c tP BS C BSσ σ− + −                                             (19) 

where tP  and tC  are ATM put option price and call option price at time t, and pBS  

and cBS  are Black-Scholes formulae for put and call options.  

The procedure to compare each of the implied volatility measures to the 60-day 

historical volatility in forecasting realized volatility is the same as in the previous 

section. Table 3 reports the results of the robustness analysis. 

*(Table 3 appears here) 

In Table 3, comparing the R-square statistics across the regressions, the VIX 

(bias-corrected) still has stronger explanatory power for the realized volatility than is 

provided by any other volatility measures, including the 60 day historical volatility. 
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Implied volatility from the ATM call options exhibits the strongest explanatory power 

among the four alternative implied volatility measures. Implied volatility that 

minimizes the sum of squares of both call and put options has an R-square slightly 

lower than that of the call implied volatility, but higher than that of the put implied 

volatility, which in turn has a higher R-square than the average implied volatility. But 

the result for any of the implied volatility measures is better than for the 60 day 

historical volatility. These findings are consistent with results from Fleming (1998), 

who found that call implied volatility has more explanatory power than put implied 

volatility in the S&P 100 index market. ap Gwilym and Buckle (1999) also find that 

the explanatory power of call implied volatility only, and of put implied volatility only, 

over realized volatility are higher than those for the average of call and put implied 

volatilities in the FTSE100 index market. The Wald statistics w reported in Table 3 

indicate strong unbiasedness rejections for all volatility forecasts. The results indicate 

that, using different calculating methods, implied volatility still dominates the 60-day 

historical volatility in forecasting the next-day realized volatility in the S&P 500 

index market. The VIX is the best among different implied volatility measures. Again, 

all the R-square values are very small, indicating that there is still a large part of the 

variation of the realized volatility that cannot be explained by either historical 

volatility or the implied volatility. 

5  Summary  

In this paper, the forecasting power of various volatility models in the S&P 500 index 

market, the Eurodollar futures market, and the 30-year US Treasury Bond futures 
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market were examined. The volatility forecasts being compared include the 40-day 

historical volatility, the 60-day historical volatility, the Moving Average volatility, the 

EWMA volatility, the ARCH/GARCH volatility and implied volatility. The 

market-based approach is proposed whereby two steps are employed: first, compare 

the forecasting power of volatility models, except implied volatility, using the option 

pricing error approach; second, compare the winning forecast with the implied 

volatility in an out-of-sample regression. Spurious regression bias and measurements 

bias are controlled for. The results indicate that implied volatility provides relatively 

better forecasting performance than other volatility forecasts although overall 

explanatory power is relatively low for all forecast methods. Robustness checks were 

also performed by including alternative implied volatility measures and the previous 

results are confirmed.  

The market-based approach in this study is motivated by the spirit of Karolyi’s (1993) 

option pricing error approach. Karolyi’s approach is developed by proposing a way to 

solve the problem that implied volatility can not be used in the option pricing error 

approach with other volatility forecasts. One of the major advantages of the 

market-based approach is that it removes the endogeneity issue of deriving forecasts 

from market prices and then using those forecasts for comparisons with market prices. 

The market-based approach in this study also contributes to the literature of 

forecasting volatility by providing a way to unify the option pricing error approach 

with out-of-sample regression methods. The market-based approach also provides a 

universal way for comparing all kinds of volatility models. Based on the study, there 
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are at least two areas for further investigation. First, to seek an explanation for why, 

when the market-based approach is applied, the ARCH/GARCH class model 

outperforms other volatility models in the bond market but not in the equity and 

money markets. Or more generally, under what conditions will a certain kind of 

volatility model be the best to use? Second, from the robustness analysis, it would be 

useful to investigate why different implied volatility measures have different 

forecasting powers. Such a study would involve exploring the relationship between 

implied volatility measurement methods and their forecasting ability. This study can 

help to find a new implied volatility measure that outperforms the VIX.  
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Appendix 1: 
ARCH/GARCH Model estimation using Marquardt Maximum Likelihood Method For S&P 500 Index Data 

This table presents empirical results from fitting candidate ARCH/GARCH models in selecting the best 

ARCH/GARCH class model for the S&P 500 index data. The numbers in the brackets are associated z statistic for 

the coefficient estimations and P-values for the test statistics; number with* is statistically significant; (10 )SRQ  is 

the Box-Pierce Q statistic for the standardized residuals; (10 )SRSQ  is the Q-statistic for standardized residual 

squares; LM is the F-statistic for ARCH LM(4) tests; BIC is the Bayesian Information Criterion value. Using a 

sample of 1008 daily observations. The best ARCH/GARCH model is shaded.  

 Coefficients                                   Candidate ARCH Models 

ARCH(1)   ARCH(2)   ARCH(3)  ARCH(4)  ARCH(5)  ARCH(6)  ARCH(7)  ARCH(8)  ARCH(9) 

   C     0.000176      0.000243      0.000266     0.000224    0.000242     0.000248     0.000250     0.000242     0.000240 

          (2.54425)     (3.760340)*    (4.077158)    (3.64863)   (4.025235)*   (4.111892)    (4.140012)   (4.113963)    (4.066498)  

0α     1.6E-05        1.23E-05      1.01E-05    7.38E-06    6.36E-06     5.73E-06     5.04E-06     4.63E-06      4.39E-06 

             (23.56466)*   (18.17947)     (16.38272)*  (13.48911)   (11.05686)    (9.981934)    (9.847704)*  (9.03574)     (8.579693) 

  1α        0.232625       0.156507     0.127023     0.111195     0.089120     0.089276     0.072001     0.064005     0.059882 

             (6.153082)*    (5.504081)*    (4.430307)   (3.808025)*  (2.897183)    (2.855036)    (2.330954)   (2.374125)    (2.190520) 

  2α                      0.255702     0.239159     0.207556     0.178843     0.166296     0.154055     0.153956     0.151026 

(6.988743)     (6.45354)    (6.095813)   (5.189672)    (4.746355)*   (4.224875)*  (4.104176)    (3.933194) 

3α                   0.161599      0.171782    0.149620      0.141766     0.17036     0.095320     0.090354 

                                      (5.911643)    (6.236376)   (5.401329)    (5.076993)    (4.710936)   (4.082590)    (3.861644) 

4α                                               0.194043    0.169832      0.147686     0.130219    0.111640      0.101931 

                                                   (6.785328)   (6.410538)    (5.814187)    (5.392040)*  (4.642234)    (4.220875) 

5α                                                           0.144984      0.138282     0.129896    0.112955      0.104227 

                                                              (6.108378)     (5.849407)    (5.933247)   (5.353509)    (4.952648) 

6α                                        0.082020    0.088177     0.076688     0.075008 

                                                                            (3.876773)    (4.131303)   (3.711663)    (3.668494) 

7α                                               0.11004     0.097437     0.088132 

                                                                                         (3.804629)   (3.490421)    (3.377987) 

8α                                                      0.103452     0.104381 

                                                                                                     (4.092088)*   (4.160875) 

9α                                                            0.051935 

                                                                                                                  (2.587816) 

ARCH Model selection Standard Criteria 

(10)SRQ       21.238      21.437       20.899         19.245       17.471        17.034      14.4715      15.1750       15.177 

(0.0436)     (0.0586)      (0.0368)       (0.03956)     (0.0655)*      (0.078)*     (0.159)*      (0.126)*      (0.126)* 

(10)SRSQ     402.93      207.50      106.85         39.389       22.975        21.088       22.198      16.577        17.610 

(0.00000)    (0.00001)     (0.00001)      (0.00336)     (0.00116)      (0.021)     (0.001967)     (0.0867)*     (0.109)* 

LM      37.99378    21.41412     12.5478       3.882322      2.188028      2.118247     2.24008     1.33509       1.02096 

(0.00123)    (0.00125)    (0.000019)     (0.000321)     (0.0324)      (0.039652)    (0.02837)    (0.2265)*     (0.414011)* 

BIC     -7.998906   -8.056219     -8.084207      -8.1225778    -8.138201     -8.143319    -8.151815    -8.159484     -8.159583 
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 (Table Continues) 
Coefficients                             Candidate GARCH Models 

GARCH(1,1)   GARCH(1,2)  GARCH(2,1)  GARCH(2,2)  GARCH(1,1)-M  EGARCH(1,1)  TARCH(1) 

C          0.000226        0.000224        0.000225        0.000222       0.000121          0.000112        0.000128 

               (3.945058)       (3.8813384)      (3.931489)      (3.83796)*      (1.329621)         (1.950839)      (2.328317)* 

   GARCH                                                    8.341820 

                                                                                    (1.506696) 

0α         1.07E-07       1.17E-05         9.97E-07       2.06E-07        1.12E-06          -0.278301       2.60E-06 

                 (1.223090)       (1.14529)        (1.182611)     (2.60934)*       (1.347078)        (-10.34214)*     (2.839543)* 

1α          0.058268       0.044184        0.053749       0.036224        0.059717          0.114955        0.007089 

                 (6.461134)*      (1.772802)      (3.209928)*     (1.704045)       (6.429163)*       (11.58458)*      (0.752150) 

1β         0.937731        0.933324        1.036451      0.190656         0.936008         0.982804         0.929635 

                 (102.881)*       (107.886)*       (3.575946)*   (0.824468)        (107.076)*        (468.3667)*      (101.5187)* 

2α                        0.018118                      0.071638                         -0.088004        0.105813 

                                 (0.689314)                    (3.221039)*                       (-13.13774)*     (6.102476)* 

2β                            -0.09391      0.693632 

                                                (-0.341359)    (3.149506)* 

GARCH model selection standard criteria 

(10)SRQ      16.034           15.781          15.948       15.9999           15.3488          14.874          15.158 

                 (0.099)*          (0.106)*        (0.101)*      (0.100)*          (0.12)*           (0.137)*         (0.126)* 

(10)SRSQ      6.60105           6.4825         6.487452      5.66465           6.7077          4.76165          4.8108 

                (0.7633)*          (0.521)*        (0.773)*      (0.843)*          (0.753)*         (0.907758)*       (0.90356)* 

 LM      1.289883          1.248758       1.262098      1.010702         1.346808         0.665242         0.862847 

               (0.271535)*         (0.282918)     (0.282582)*    (0.400395)*      (0.250068)*       (0.616104)*       (0.485441)* 

     BIC      -8.2030216          -8.201079      -80200869     -8.200275        -8.201720         -8.231941        -8.224880 
 

Note: Coefficient a1 stands for |RES|/SQR{GARCH}(1) coefficient and a2 stands for 

RES/SQR{GARCH}(1) term in EGARCH model, a2 in TARCH model stands for (RES<0)*ARCH(1) 

term. 
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Appendix 2: 

ARCH/GARCH Model estimation using Marquardt Maximum Likelihood Method For the Eurodollar 

Futures Natural log Yield Ratio Data 

This table presents ARCH/GARCH model fitting results in the Money market. The numbers in the brackets are 

associated z statistics for the coefficient estimation and p-values for the test statistics; number with* is statistically 

significant; (10 )SRQ  is the Box-Pierce Q statistic for the standardized residuals; (10 )SRSQ  is the Q-statistic for 

standardized residual squares; LM is the F-statistic for ARCH LM(4) tests; BIC is the Bayesian Information 

Criterion value. Using a sample of 1008 daily observations. The best ARCH/GARCH model is shaded. 

 Coefficients                                   Candidate ARCH Models 

ARCH(1)   ARCH(2)   ARCH(3)  ARCH(4)  ARCH(5)  ARCH(6)  ARCH(7)  ARCH(8)  ARCH(9) 

   C     0.001333      0.002157      0.002387    0.001454     0.000719    0.001771     0.001377     0.00439      0.000525 

         (0.841171)     (1.18313)     (1.219348)    (0.715815)   (0.331466)   (0.71044)     (0.609866)   (0.262089)    (0.391453) 

0α     0.005364      0.00666      0.006973     0.007210     0.007407    0.007607     0.007753     0.007858     0.007965 

             (1.170967)     (1.456554)    (1.526907)*   (1.578631)    (1.621539)   (1.66626)*   (1.696002)*  (1.846281)    (1.852324)* 

  1α        0.147547       0.150967     0.138646     0.134923     0.129126    0.111666     0.102566     0.099659     0.095489 

             (0.457568)     (0.460710)     (0.422965)   (0.405925)    (0.384930)   (0.320097)    (0.28563)   (0.232749)     (0.217990) 

  2α                     -0.000442     -0.005052     -0.001554    -0.001368    -0.003548    -0.003777    -0.004049    -0.003592 

(-0.14941)    (-0.751615)   (-0.635886)   (-1.396885)  (-0.467354)*  (-0.17066)*   (-0.041767)  (-0.032127) 

3α                    0.003851     -0.001363    -0.001634    0.000556     0.000806     0.000914    0.000391 

                                      (0.553332)    (-0.850471)   (-0.783002)   (0.0074645)   (0.034753)   (0.009213)   (0.003419) 

4α                                                -0.001276    -0.000777     0.001799    -0.000775    -2.92E-06    -0.000152 

                                                   (-0.517835)   (-0.964345)    (0.324385)   (-0.034753)  (-2.97E-05)   (-0.001344) 

5α                                                             -0.002135    -0.004897    -0.001626    -0.003163    -0.025593 

                                                                (-1.056543)   (-0.942487)    (-0.07201)   (-0.031335)  (-0.02965) 

6α                                        0.002242     -0.001461     0.002088    0.001792 

                                                                             (0.397661)   (-0.0064305)   (0.020821)  (0.015555) 

7α                                               0.012095     -0.005254   -0.004987 

                                                                                          (0.585946)   (-0.051196)  (-0.04236) 

8α                                                       0.036931   0.037076 

                                                                                                       (0.18571)   (0.18661) 

9α                                                            -0.002570 

                                                                                                                 (-0.433160) 

ARCH Model selection Standard Criteria 

(10)SRQ       29.728      30.589       31.305         33.015       35.598        35.964         19.542       19.133      18.822 

(0.0436)   (0.0086)      (0.0068)       (0.00006)     (0.000002)      (0.00006)      (0.09)*       (0.039)     (0.0436) 

(10)SRSQ     0.9377      0.9797      1.0197         1.0500       1.09405       1.1839         0.4902        0.5296      0.5879 

(0.96659)*   (0.998591)*   (0.99686)*    (0.989969)*    (0.99635)*    (0.99865)*    (0.999862)*     (0.99658)*  (0.986579)* 

LM      0.023341    0.035301     0.046598      0.051894      0.061637      0.087045     0.10901        0.125132    0.139826 

(0.98994)*  (0.99265)*   (0.9959)*    (0.996258)*     (0.99267)*      (0.98645)*   (0.97936)*      (0.9733)*   (0.967399)* 

BIC     -2.371935   -2.330388     -2.306932      -2.301891     -2.288358      -2.260908     -2.253426     -2.257536   -2.245639 
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 (Table Continues) 
Coefficients                             Candidate GARCH Models 

GARCH(1,1)   GARCH(1,2)  GARCH(2,1)  GARCH(2,2)  GARCH(1,1)-M  EGARCH(1,1)  TARCH(1) 

C          0.001464        0.003272        0.001836        0.002851       0.089529          0.012448        0.007392 

               (0.894716)       (1.281199)       (0.731661)      (1.121138)      (0.502980)         (2.323684)*      (2.078971)* 

   GARCH                                                    -14.04976 

                                                                                    (-0.723548) 

0α         0.006123       0.006451         0.005466       0.006404        0.005579          -8.50439        0.005946 

                 (1.268614)       (1.292745)       (1.980673)     (1.177096)       (1.350533)        (-9.129071)*     (1.614731) 

1α          0.158596       0.126231        0.128061       0.118851         0.044034         -0.593167        0.117662 

                 (0.499369)*      (0.323373)      (0.423502)*     (0.311325)       (0.733152)        (-1.186721)       (0.194062) 

1β         -0.015526        0.524606        0.396674      0.473719         0.084953         -0.536996        0.583366 

                 (-0.39077)       (1.272759)*      (1.133486)     (0.975527)       (1.391113)*       (-2.527041)*      (1.745923) 

2α                        -0.063795                     -0.058903                         1.891628         -4.190377 

                                (-0.306037)                    (-0.300325)                       (-3.473925)*      (-2.1987405)* 

2β                            -0.095382      0.033874 

                                                (-0.601546)     (0.263398) 

GARCH model selection standard criteria 

(10)SRQ      30.689           37.358          33.737        37.117           26.945           22.913           40.365 

                 (0.049)*          (0.003)         (0.008)       (0.0005)          (0.007)           (0.11)*           (0.009) 

(10)SRSQ      0.9424            1.6835         1.14318       1.6752           0.8250           0.7843            2.0520 

                (0.9633)*          (0.986)*        (0.9962)*      (0.998)*        (0.9776)*         (0.98776)*        (0.98356)* 

 LM      0.025028          0.224178       0.069877      0.231694        0.002089          0.013576         0.296972 

               (0.971535)*         (0.9249)*      (0.991027)*    (0.920556)*      (0.99965)*        (0.99963)*        (0.87994)* 

 BIC       -2.358298          -2.001119      -2.269553      -2.015663       -2.358715         -2.705672        -1.988251 

 

 Note: Coefficient a1 stands for |RES|/SQR{GARCH}(1) coefficient and a2 stands for 

RES/SQR{GARCH}(1) term in EGARCH model, a2 in TARCH model stands for (RES<0)*ARCH(1) 

term. 
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Appendix 3: 
ARCH/GARCH Model fitting using Marquardt Maximum Likelihood Method For the 30-year Treasury 

bond Futures Log Price Relatives 

This table presents empirical model fitting results for choosing the best fit from candidate ARCH/GARCH models 

in the Bond market. The numbers in the brackets are associated z statistics for coefficient estimation and p-values 

for the test statistics; number with* is statistically significant; (10 )SRQ  is the Box-Pierce Q statistic for the 

standardized residuals; (10 )SRSQ  is the Q-statistic for standardized residual squares; LM is the F-statistic for 

ARCH LM(4) tests; BIC is the Bayesian Information Criterion value. Using a sample of 1008 daily observations. 

The best ARCH/GARCH model is shaded.. 

 

 Coefficients                                   Candidate ARCH Models 

ARCH(1)   ARCH(2)   ARCH(3)  ARCH(4)  ARCH(5)  ARCH(6)  ARCH(7)  ARCH(8)  ARCH(9) 

   C     2.91E-05      0.000100      5.08E-05     5.71E-05    5.88E-05     3.80E-05     4.89E-05     5.04E-05     3.15E-05 

         (0.265434)     (0.826378)     (0.442831)    (0.55403)   (0.528378)   (0.343602)    (0.40923)    (0.499568)    (0.288291) 

0α     1.04E-05      1.01E-05      1.06E-05     9.46E-06    8.51E-06     8.82E-06     9.00E-05     9.08E-06     8.09E-06 

             (234.8142)*    (12.8897)*     (23.74967)*   (144.964)*  (122.692)*   ( 19.734)*    (8.194612)*   (163.317)*    (134.9182)* 

  1α        -0.061271      -0.055818     -0.065095     -0.06391   -0.061332    -0.061545     -0.058095    -0.061386     -0.058895 

             (-4.34457)*     (-8.98458)*    (-3.50532)*   (-4.69709)*  (-5.0299)*   (-4.48013)*   (-8.16127)*   (-4.65507)*   (-4.560229)* 

  2α                      -0.030997     -0.036908    -0.026267   -0.024305    -0.023470    -0.017022     -0.019034    -0.021176 

(-1.62086)     (-2.24982)*   (-1.178424)  (-1.18973)  (-1.127746)   (-0.827373)    (-0.94009)    (-1.148019) 

3α                    0.023805     0.033114    0.031791    0.030935     0.031703     0.028075     0.026843 

                                       (0.582318)    (0.843748)  (0.893345)   (0.810825)    (0.893702)    (0.813346)   (0.769971) 

4α                                                0.074162    0.073738     0.07099     0.067229     0.065360      0.070507 

                                                   (1.575753)    (1.668073)   (1.62661)    (1.341503)    (1.395742)   (1.320556) 

5α                                                             0.089720    0.088659     0.085728     0.081285     0.068888 

                                                                (2.106740)*  (2.071890)*  (1.755384)    (1.858220)   (2.022752)* 

6α                                       -0.0182401    -0.021920     -0.017125    -0.016368 

                                                                            (-1.268801)  (-1.452783)   (-0.902447)   (-0.844063) 

7α                                              -0.028456     -0.027802    -0.014092 

                                                                                        (-1.45992)    (-1.401281)   (-0.587459) 

8α                                                      0.008676     0.022721 

                                                                                                     (0.206397)    (0.505008) 

9α                                                            0.0692117 

                                                                                                                  (1.154861) 

 

ARCH Model selection Standard Criteria 

( 1 0 )S RQ       8.0425      7.9610       7.8127        7.4134         8.2628        7.6582       8.6539      10.5281       11.822 

(0.625)*    (0.633)*      (0.647)*       (0.686)*       (0.6033)*      (0.588)*     (0.5936)*    (0.55369)*     (0.48336)* 
( 1 0 )S R SQ     7.9186     16.069       20.825         15.314        7.8596        9.2658      18.6356      20.2566        25.3695 

(0.0.095)*    (0.04182)     (0.02176)      (0.0835)*      (0.0869)*     (0.03362)    (0.02635)      (0.0112)      (0.0.0085) 

LM      2.816138    3.517432     3.596762       2.935884      3.86699       2.9762       3.6498        4.2658        5.0215 

               (0.04982)*   (0.00425)     (0.00325)      (0.04236)      (0.04065)     (0.04536)     (0.02988)     (0.00936)     (0.0.0062) 

BIC       -8.664786    -8.651035    -8.646407      -8.646858     -8.651579     -8.642283     -8.629135    -8.622642     -8.617368 
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(Table Continues) 

Coefficients                             Candidate GARCH Models 

GARCH(1,1)   GARCH(1,2)  GARCH(2,1)  GARCH(2,2)  GARCH(1,1)-M  EGARCH(1,1)  TARCH(1) 

C          7.81E-06        2.11E-05         -2.57E-06       3.91E-05        6.97E-05          1.51E-05        4.68E-05 

               (0.071301)       (0.218777)       (-0.028707)      (0.314805)      (0.332060)        (-0.118088)*      (0.452587) 

   GARCH                                                    -4.710556 

                                                                                    (-0.188951) 

0α         6.48E-06       4.31E-06         4.92E-06        4.06E-06        5.32E-06         -10.68224        5.55E-06 

                 (28.08796)*      (15.50588)*      (18.22061)*    (13.01356)*       (4.003144)*      (-2.236017)*      (19.9383)* 

1α          -0.061259       -0.061616        -0.06134       -0.053852       -0.061280        -0.268139        -0.10141 

                 (-3.63122)*      (-3.345026)*     (-3.522808)*     (-2.74577)*      (-4.037626)*      (-2.83071)*      (-7.24746)* 

1β         0.395996        0.570366         0.518494       0.509491        0.520308         -0.055395        0.516220 

                 (6.288747)*     (10.39771)*        (1.405884)     (0.833384)       (3.957015)*       (0.132871)      (10.36523)* 

2α                        0.050546                        0.049607                        -0.099810        0.039452 

                                (1.495271)                       (1.215060)                       (-1.645636)      (-1.482817) 

2β                             0.038121       0.082263 

                                                 (0.099458)      (0.130968) 

GARCH model selection standard criteria 

(10)SRQ      8.0993           8.0301          8.1306           8.2480           8.6359          8.5392         7.9512 

                (0.619)*          (0.626)*         (0.616)*         (0.605)*          (0.612)*         (0.576)*        (0.634)* 

(10)SRSQ      17.074            16.139         20.171           22.530            25.856          28.602         26.425 

                (0.006)            (0.013)        (0.005)          (0.0037)           (0.00425)        (0.0036)        (0.0062) 

 LM      3.914236         3.537139       4.523486         3.719641           3.25871        4.068095        4.224474 

               (0.006589)         (0.00367)       (0.00046)        (0.002521)         (0.00369)       (0.001218)      (0.000877) 

 BIC       -8.654949          -8.647219     -8.641262       -8.630293           -8.640539       -8.639189       -8.643399 

Note: Coefficient a1 stands for |RES|/SQR{GARCH}(1) coefficient and a2 stands for 

RES/SQR{GARCH}(1) term in EGARCH model, a2 in TARCH model stands for (RES<0)*ARCH(1) 

term. 
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Table 1   Evaluating forecasts using the option pricing error approach in the equity, money and bond  
         markets  
                                                                                
RMSVE is the square root of the average squared deviation of the computed option prices using volatility model forecasts from 

the options’ market value which is the mid point of the bid/ask using the 756 observations and 756 calculations covering the 

sample period from June 18th 2003 to June 16th 2006. MSE is the average squared valuation error between the computed option 

value and the mid point of the bid/ask prices. MAE is the average absolute valuation error between the computed option values 

and the mid point of the bid/ask prices. The lowest measure is shaded. 

Panel A 
Average S&P 500 index at-the-money options valuation errors using 40-day, 60-day Historical volatility, Moving 

Average (MA) volatility, EWMA volatility, and EGARCH (1,1) volatility 
Volatility models                   All options (1512)               Call options (756)              Put options (756) 

           RMSVE       MSE     MAE               RMSVE       MSE        MAE                 RMSVE        MSE        MAE 

     40-day historical                        1.5771     2.4991    1.2146             0.7826     0.6125    0.5515             1.9382       3.7665    1.6391 

     60-day-historical                           1.3098     1.7265    0.8766             0.5885      0.3528     0.4609              1.0166       1.0327    1.4762 

      MA                                               1.9288     3.7252    1.6329             0.9691      0.9436     0.9519              1.1916       1.4228    1.6835 

      EWMA                                         1.7671     3.1255    1.7526             0.8395      0.7016     0.6357              1.2962       1.6885    1.2218 

     EGARCH(1,1)                              1.4879     2.2126    1.2588             0.7763      0.6022     0.6265              1.8625       3.4759    1.5041 

 

     Panel B 
Average Eurodollar futures at-the-money call options valuation errors using 40-day, 60-day Historical volatility, 

Moving Average (MA) volatility, EWMA volatility, and EGARCH (1,1) volatility  

Volatility models                                                                    Call options (756)           
                           RMSVE                              MSE                                  MAE          

      40-day historical                                                            1.25661                          1.58226                          1.12565 

      60-day-historical                                                            1.13243                          1.28852                          1.02187 

                MA                                                                       1.25262                          1.57728                          1.11426 

             EWMA                                                                    1.55791                          2.43635                          1.58475 

       EGARCH(1,1)                                                              1.62897                          2.65288                          1.66289 

 

Panel C 
Average 30-year US T-Bond futures at-the-money call options valuation errors using 40-day, 60-day Historical 

volatility, Moving Average (MA) volatility, EWMA volatility, and ARCH (1) volatility 
Volatility models                                                                 Call options (756)           

                           RMSVE                             MSE                                 MAE          

40-day historical                                                                 1.71852                          2.95265                         0.91683 

60-day-historical                                                                 1.67958                          2.82259                         0.88495 

          MA                                                                            1.85658                          3.45526                         1.58886 

       EWMA                                                                         1.78653                          3.19788                         1.68516 

      ARCH(1)                                                                       1.31564                          1.73229                         0.67601 
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Table 2   Comparisons between the implied volatility and winner forecasts with the regression based    
         forecast evaluation methods 
                                                                                   
The estimation results are obtained using OLS with HAC standard errors. 

1, 1 1( ) * ( )t T t j tj t jσ σ α β σ σ+ − −− = + −  

t=253,254,……1008. 
where j indicates implied volatility or comparing volatility. 1,t Tσ +  is the annualized S&P 500 index volatility realized over 

the remaining life of the option from day t+1 to day T. 1tj t jσ σ −−  represents the biases-corrected first difference of volatility j 

at time t. tα  and 1t β−  are associated t-statistics which measure the significance of departures from zero and one for α and 

β  respectively . 2R  is the coefficient of determination. w is an asymptotic Wald test of the joint null that α =0 and β =1. The 

Wald test statistics w follows a chi-square distribution with 2 degree of freedom. i.e. 2
2~w χ .The sample is the period from June 

18th, 2003 to June 16th, 2006 (daily observations 253 to 1008). 

 
Panel A 

Unbiasedness tests for VIX and 60-day historical volatility in the S&P 500 index market 
j                         α                tα             β              1t β−              2R              F-Stat                   w 

VIX                           -0.02352            -6.27            0.48256                5.41                 0.086               26.125                44.69 

60-day historical       0.01056               5.65            0.66217                4.59                 0.061                52.688               59.97 

 
 

 
Panel B 

Unbiasedness tests for implied volatility interpolated and 60-day historical volatility in the Eurodollar 
futures market 

j                         α               tα             β              1t β−               2R               F-Stat                   w 
Implied volatility 

(Interpolated)             -0.01925             -2.77         0.55821                3.06                   0.072                29.365               49.27 

60-day historical          0.00985              0.63         0.31659                3.39                   0.043                 76.326               152.9 

 
 

 
Panel C 

Unbiasedness tests for implied volatility interpolated and ARCH(1) volatility in the 30-year US T-
Bond futures market 

j                         α              tα             β                1t β−                2R               F-Stat                  w 

Implied volatility 

(Interpolated)             -0.01026           -5.36              1.05236              9.22                    0.057                  37.188               69.27 

ARCH(1)                     0.03565            7.78               0.61256              6.36                   0.049                  29.365               45.25 
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Table 3  Unbiasedness tests for S&P 500 index ATM call implied volatility ( cσ ), ATM put implied    
        volatility ( pσ ), ATM average implied volatility ( aveσ ), implied volatility minimizes Eq. 
        (19) ( minσ ), VIX and 60-day historical volatility in the S&P 500 index market 
 
j                        α               tα              β              1t β−              2R             F-Stat                  w 

cσ                          -0.01256             -4.52              0.47881              2.29                   0.077             29.966              51.52 

pσ                         -0.01375             -5.95              0.38957               3.51                 0.071             31.821              63.64 

aveσ                       -0.02617             -9.97              0.58166               4.33                 0.068             27.781              69.26 

minσ                      -0.01761            -8.89              0.66410               5.16                 0.073             37.598              72.81 

VIX                           -0.02352            -6.27              0.48256               5.41                 0.086             26.125              44.69 

60-day historical        0.01056              5.65              0.66217               4.59                 0.061             52.688              59.97 

 
The estimation results are obtained using OLS with HAC standard errors. 

1, 1 1( ) *( )t T t j tj t jσ σ α β σ σ+ − −− = + −  

t=253,254,……1008. 

where j is cσ , pσ , aveσ , minσ ,VIX or 60-day historical volatility in turn. 1,t Tσ +  is the annualized S&P 500 index 

volatility realized over the remaining life of the option from day t+1 to day T. 1tj t jσ σ −−  represents the biases-corrected first 

difference of volatility j at time t. tα  and 1t β−  are associated t-statistics which measure the significance of departures from 

zero and one for α and β  respectively . 2R  is the coefficient of determination. w is an asymptotic Wald test of the joint null 

that α =0 and β =1. The Wald test statistics w follows a chi-square distribution with 2 degree of freedom. i.e. 2
2~w χ .The 

sample is the period from June 18th, 2003 to June 16th, 2006 (daily observations 253 to 1008). 
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1. Introduction 

Much of the previous work in financial distress prediction focuses on static predictions 

and uses static variables in estimating the predictive model. In this study our goal is to 

make dynamic predictions, and to use dynamic variables in estimating the model. With 

dynamic predictions we allow the probability of financial distress to vary over the 

forecast period. With dynamic variables the model estimation allows for changes in the 

financial characteristics of a firm over time. 

The motivation for the paper is threefold. First dynamic forecasts of the probability 

vector for failure ft to ft+n (where ft is the probability of failure at time t) have been much 

less explored than the static forecast of a single failure probability f. Second relatively 

little use has been made of dynamic forecasting variables. In most applications including 

a data vector of say the last five years profitability in forming a forecast requires five 

separate profitability variables in the model and this is not commonly done.1 In the 

approach that we use the vector of data is represented by a single profitability variable. 

Third, one of the most popular techniques for survival analysis is Cox regression, Cox 

(1972). Unfortunately, for reasons we discuss later, forming forecasts is problematic 

when a Cox regression contains dynamic variables. We implement a procedure that 

overcomes this problem. 

The work on estimating models which allows for time varying probabilities of 

financial distress began in the mid 1980s (see for example Crapp and Stevenson, 1987). 

These models use the techniques of survival analysis, and have attracted increasing 

attention following the dynamic model of Shumway (2001). Despite the growing use of 

                                                 
1 A more common approach, as exemplified by Altman (1968,) is to estimate five separate models using 
data one year before the failure, two years before the failure and so on back to year five.  
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survival analysis in modeling financial distress, relatively little attention has been given 

to the use of dynamic variables in estimating these models. Initially this was because of 

computational difficulties in estimating models with time-varying (dynamic) variables, 

and even when this problem was overcome a problem remained in making forecasts when 

using the Cox regression model.  

A key element in forecasts using the Cox regression model is the baseline hazard. In 

making a forecast the baseline hazard is scaled up, or down, according to the firm’s risk 

factors and this scaled hazard is used to compute the probability of financial distress. 

When time-varying variables are introduced into the Cox model, forming estimates of the 

baseline hazard has been problematic. Consequently making forecasts have also been 

problematic with time varying variables.  

Cox’s model has had considerable use in medical studies. Chen et al. (2005) apply the 

Cox model with time-varying variables to find the effect of biochemical covariates on 

death attributed to liver cancer. They implement a method for estimating the baseline 

hazard and hence are able to make survival forecasts with time-varying variables. Chen et 

al. also published the code for implementation of these estimation procedures in SAS. 

Following the approach of Chen et al., we construct a time-dependent Cox’s regression 

model for the prediction of financial distress.  

Using firm specific data on Australian Securities Exchange (ASX) listed firms from 

1989 to 2006; a time-dependent Cox’s regression model is developed with seven 

predictor variables measuring profitability, leverage (book and market), liquidity, cash 

flow, size, and growth opportunities. Each variable captures the impact of fourteen years 

of data for firms that are in the estimation sample for the full fourteen years. Book 
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leverage, cash flow generating ability and market leverage are found to be significant 

predictors of financial distress. Receiver operating characteristic (ROC) curves show that 

the model has modest predictive power and unlike most bankruptcy models the 

performance of the model improves as the forecast period lengthens.  

The remainder of this paper is set out as follows. Section 2 reviews the literature in 

the area of bankruptcy prediction, introduces survival analysis, discusses Chen et al. 

(2005) and explains how predictive accuracy is evaluated. Section 3 presents the 

methodology to construct a Cox’s regression model with time-varying variables. Section 

4 describes the data. Section 5 presents the results of parameter estimates followed by 

assessment of predictive accuracy of the model. Section 6 concludes the paper and offers 

some possible future research directions. 

 

2. Bankruptcy Prediction Literature 

EARLY BANKRUPTCY PREDICTION STUDIES 

Research on bankruptcy prediction has been of substantial interest to accounting and 

finance academics and practitioners for the last four decades. A number of empirical 

approaches have been applied to the bankruptcy prediction problem since the pioneering 

work of financial predictive modeling by Beaver (1966), Altman (1968) and Ohlson 

(1980). The initial approach to predicting corporate bankruptcy has been to apply a 

statistical classification technique to a set of samples containing both bankrupt and non-

bankrupt firms. The principal tools for the early studies have been multivariate 

discriminant analysis (Altman, 1968) and logit analysis (Ohlson, 1980). The task of 

predicting bankruptcy of a firm can be posed as a classification problem: given a set of 
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classes (for example, bankrupt and non-bankrupt) and a set of input data vectors, the task 

is to assign each input data vector to one of the classes. Since the 1980s, the literature has 

progressed to non-parametric approaches such as recursive partitioning algorithms 

(Frydman et al., 1985), neural networks techniques (Odom and Sharda, 1990; Coats and 

Fant, 1992; Tam and Kiang, 1992; Wilson and Sharda, 1994) and survival analysis (Lane, 

Looney and Wansley, 1986; Crapp and Stevenson, 1987; Chen and Lee, 1993; 

Bandopadhyaya, 1994).  

 

SURVIVAL ANALYSIS 

In recent studies of financial distress (bankruptcy) prediction, the need to take the time 

dimension into account is increasingly being recognized. LeClere (2000) points out that 

qualitative response models such as logistic regression or probit models employ data 

from the time period directly preceding the occurrence of the event of bankruptcy. Hence, 

the model is static in that it ignores the entire time period preceding the event. 

Furthermore, the information provided by the estimated model is limiting as the data used 

to estimate the probability of financial bankruptcy may only be available immediately 

prior to the event. Shumway (2001) also points out the discordance between single-period 

bankruptcy prediction models and multiple-period bankruptcy data. He argues that the 

single-period classification models that have been commonly used for predicting 

bankruptcy yield biased and inconsistent estimates because they ignore the fact that the 

characteristics of firms change through time. Liu (2004) also observes that failure rates 

change with changes in the time-series of economic data. 

45



 

 - 5 -  

Survival analysis is ideally suited to introducing a time dimension into financial 

distress prediction since the objective is to estimate )()( tTPtS >= , the probability that 

financial distress will occur at a time T which lies beyond the time horizon t, for a range 

of values of t. Thus, a time dimension is embedded in the dependent variable of the 

model. It is also possible to introduce a time dimension into the independent variables by 

making them time-varying. Thus, for example, a vector of ratios giving the return on 

assets for a firm over a ten year period would be treated as a single variable, but the value 

of that variable would be updated as we follow the firm through time in estimating the 

survival model. The problem with time-varying variables in the past has been in forming 

forecasts. Previous studies (e.g., Wheelock and Wilson, 1995; Kim et al., 1995) have not 

reported the baseline hazard estimates since estimates of the baseline hazard are difficult 

to obtain when covariates in the model are time-varying. Recent advances, however, have 

made this somewhat less difficult.     

Chen et al. (2005) estimate a time-dependent Cox’s regression model for deaths from 

liver cancer. Using a method from Anderson (1992), they estimate the integrated baseline 

hazard. Two SAS Macro programs for time-dependent Cox’s regression are introduced in 

Chen et al. The first program is for parameter estimates on risk factors, deriving the 

baseline hazard and the prediction of survival on the basis of time-dependent covariates. 

The second program is for model validation using receiver operating characteristic (ROC) 

curves. We use the SAS Macro programs in Chen et al., with some modifications, to 

estimate our financial distress models. 

 

EVALUATION OF PREDICTIVE ACCURACY 
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To assess the predictive accuracy of the models, we use the survival probabilities to 

classify each firm as failing or surviving, and then compare the classification with the 

actual outcome. Two questions arise in this process. First, which of the probabilities to 

select from the time profile and, second, what value to choose as a cut-off value to 

convert from a probability to the state forecast of failing or surviving. These are difficult 

issues to address. 

As Pacey and Pham (1990) point out, assessments of the accuracy of financial distress 

models are often misleading because of (i) the use of arbitrary cut-off points; and (ii) the 

assumption of equal costs of errors in prediction tests. The suggested corrective measures 

are as follows: (i) derive the optimal cut-off point based on minimizing the costs of 

misclassification; and (ii) define the cost of Type I and Type II errors explicitly.  

 Setting an optimal cut-off value requires knowledge of the costs of Type I and type II 

errors in the specific decision context. Given the greater seriousness of classifying a 

financially distressed firm as not financially distressed, it is assumed that the 

misclassification cost for such Type I Errors is far higher than that of Type II Errors 

(Altman et al., 1977). Based on this assumption, some researchers have attempted to draw 

an optimal cut-off point that yields the lowest Type I Error (Koh, 1992; Tan and Dihardjo, 

2001). However, non-failing firms are in the overwhelming majority. Consequently, as 

Pacey and Pham (1990) show even a small Type II error rate with a small cost per error is 

likely to lead to a large error cost in total because so many firms are involved. 

 Optimizing the cut-off probability therefore requires a clear understanding of the 

likely total cost of Type I and Type II errors. However, establishing what these costs 

might be is a difficult exercise. As will be shown in Section 5.2, the use of ROC curves to 

47



 

 - 7 -  

evaluate predictive accuracy avoids the need to address the cut-off problem since all 

possible cut-off probabilities are considered. 

 

3. Time-dependent Cox’s regression model 

In Cox’s model the survival probabilities are obtained from a model of the hazard rate. 

The hazard rate is the rate of change in the probability that an event will occur in an 

interval of time, given survival until the start of that interval. Cox’s hazards model with 

time-dependent covariates can be expressed as: 

⎭
⎬
⎫

⎩
⎨
⎧
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=

p

j

i
jji tzthtzth

1
0 )(exp)())(|( β .       (1) 

))(|( tzthi is the time-dependent hazard function for firm i at time t. )(tzi
j  denotes the 

value of the jth covariate at time t for the ith firm, jβ  is the corresponding coefficient for 

i
jz , while h0(t) is the baseline hazard representing the effect of duration on the hazard in 

the absence of covariates. Thus, the hazard at time t depends on the value of predictor 

variables at time t.  

In most of the previous bankruptcy literature, each annual observation of firms has 

been treated as an independent observation and so researchers could not take advantage 

of all the available multiple-year financial information. Using Equation (1), we are able to 

“exploit each firm’s time-series data by including annual observations as time-varying 

covariates” (Shumway 2001: p.102). That is, if a firm has been observed for twelve years 

in the set of firms potentially at risk of financial distress, the values of each covariate, 

)(tzi
j , for that firm are to be updated twelve times from year to year (t). Consequently, we 

are able to retain multiple-year time-series data for each firm according to its life time (or 
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duration) and make use of all the data within the periods to estimate the regression 

coefficients.  

In a time-dependent model, the value of covariates, )(tzi
j , changes with time, and 

therefore, the hazard ratio (HR) also varies with time and is defined as follows.2 
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PARTIAL LIKELIHOOD FUNCTION 

It is helpful to introduce some concepts in survival analysis in order to understand the 

estimation of the model. First, the risk set, R(t), is defined as the set of firms (individuals) 

which are observed at risk of event at time t. Firms are said to enter the risk set when they 

become at risk of experiencing the event and leave the risk set either when they are 

censored or when the event occurs to them (fail or become financially distressed). Being 

censored means that a firm leaves the risk set for some other reason than experiencing the 

event, for example the firm may be taken over, or may still survive at the termination of 

the study.  

Second, it is important to distinguish between calendar time and event time. A 

graphical demonstration of the difference between calendar time and event time is 

presented in Figure 1.  An event time approach looks to the duration (time spent in the 

risk set) of a firm and sorts observations according to their duration on study. The event 

time approach is used in our study as is commonly the case in other survival analysis 

studies.  

[Figure 1 about here] 
                                                 
2 When there are no time-varying variables the ratio of hazards for any two firms is constant over time and 
so traditionally the model has been known as Cox’s proportional hazards model.  
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After constructing the risk set at each event time, it is possible to estimate the 

likelihood of a firm’s failure. The probability that firm i fails at time t, conditional upon it 

having survived up until time t, is the ratio of the hazard rate of firm i to the sum of the 

hazard rates of all firms in the risk set for each time t: 
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The baseline hazard cancels in the numerator and denominator, and so the exact times 

of each failure are irrelevant, only the order of events is required.3 

Given Li, the partial likelihood function, with the incorporation of time-varying 

covariates, can then be obtained by taking the product of the probabilities across all 

observed failures, m, such that: 
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where i is the firm in the event of failure and k is the firm in the risk set at time t. The 

coefficient estimation process implies that the time-varying covariate values of every firm 

in the risk set should be recorded and measured at each ‘failure time’. However, in 

practice, it is highly unlikely to have the complete covariate measures for all firms at each 

point in time because the data set is likely to have missing observations, especially for 

                                                 
3 The estimation procedure has to be modified where more than one event occurs at the same time. In the 
present study, the Breslow method of handling tied data is used.This is the default method and is 
appropriate when ties are relatively few. 
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financially distressed firms. Figure 2 illustrates the arrangement of the data in forming the 

likelihood function of Equation (4).  

[Figure 2 about here] 

 

INTEGRATED BASELINE HAZARD 

To generate survival probabilities at each time t, we need to estimate the baseline hazard 

function, h0(t). We follow the approach of Chen et al. (2005), which estimates the 

integrated baseline hazard function following the equation of Cox’s proportional hazards 

model with time-dependent covariates from Andersen (1992). The integrated baseline 

hazard function )(ˆ
0 tH  can be estimated as follows. 
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Di is the indicator for whether the firm i experiences the failure, iT~ is the failure time 

for the ith firm, β̂ is the vector of estimated coefficients, and ( )ij Tz ~  is the value of the jth 

covariate at the failure time of the ith firm. 

The integrated baseline hazard function H0(t) can also be written as: 

[ ]∑
∈

−− −×=
tt

mmm
i

ttthtH )()()( 1100 ,       (6) 

where )(0 tH is a step function, which is discontinuous at tm. This allows the baseline 

hazard h0(t) to be derived from the integrated hazard. 

 Using the estimated baseline hazard rate, )(0̂ th , computed from equations (5) and (6), 

the estimated hazard rate of firm i with covariates zi(t) at time t is derived as: 
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( ))(ˆexp)(ˆ)(ˆ
0 tzthth ii ⋅×= β  .         (7) 

It is noted that a time-dependent ‘risk score’ is defined as ( ))(ˆ tzi⋅β . The dynamic 

changes of the risk score over the time horizon studied and the corresponding survival 

probabilities will be presented in Section 5.  

 

4. Data 

SAMPLE SELECTION 

Our sample includes publicly listed companies on the Australian Securities Exchange 

(ASX) from 1989 to 2006. Firms which are in the financial sector, as indicated by their 

GICS code, are excluded from the sample. We obtain annual accounting data from 

FinAnalysis and annual market capitalization data from Datastream. There are 1,716 non-

financial firms with available accounting and market capitalization data.  

We have 1,596 non-failed firms and 120 failed firms in our sample. Following the 

approach of Jones and Hensher (2004), firms are classified as “failed” if (i) they were 

delisted due to the failure to pay their annual listing fee to the ASX, or (ii) there was the 

appointment of liquidators, insolvency administrators, or receivers. We note that these are 

failure events that happen at specific dates, but there may be varying lags between the 

failure event and the onset of financial distress. We do not have the data to model these 

lags, but the advantage of dynamic probability forecasts, which give a trajectory to failure, 

lies in the potential for early warning of problems as the trajectory changes.   

We collect annual accounting and market capitalization data for each company. The 

data contains yearly observations of financial performance for each company in the 

sample from 1989 through 2006. In total, we have 13,505 firm-year observations. Table I 
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shows the number of failed and non-failed firms for each year over the sample period of 

1989–2006. There are no failed firms between 1989 and 1993 and the sample sizes are 

small for 1989 to 1991. It may be that data on firms failing in this period has been deleted 

from our data sources and, if so, there is a survival bias problem here. 

[Table I about here] 

There are several extreme values among the variables observed. Following the 

approach of Shumway (2001), all values lower than the first percentile of each variable 

are set to that value, and analogous treatment is applied to all observations higher than the 

ninety-ninth percentile of each variable. The data after truncation is described in detail in 

Section 4.3. 

The entire sample period (1989–2006) is divided into two separate samples, an 

estimation sample (1989–2002) and a holdout sample (2003–2006) for tests of predictive 

accuracy. 

 

PREDICTOR VARIABLES 

Key predictors of financial distress were identified from previous bankruptcy studies, and 

we focus on variables used in the recent major studies by Sobehart and Stein (2000), 

Shumway (2001), and Campbell et al. (2005). As this study is being conducted using 

Australian data, we also include some of the variables found to be useful in Australian 

studies by Castagna and Matolscy (1981), Jones and Hensher (2004) and Gharghori, 

Chan and Faff (2006).  

A set of fundamental accounting-based and market-based variables initially 

considered is shown in Table II.  
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[Table II about here] 

The accounting-based variables reflect measures of profitability (Net Income/Total 

Assets (NI/TA)), operating liquidity (Working Capital/Total Assets (WC/TA)), book 

leverage (Total Liabilities/Total Assets (TL/TA)) and cash flow generating ability (Net 

Cash Flow from Operations/Total Assets (CF/TA)). As a group, these ratios capture the 

strength of the firm’s financial position.  

Shumway (2001)’s and Campbell et al. (2005)’s market-based variables are also used 

in model estimation. The market-to-book (MB) ratio is commonly used as a proxy for 

growth opportunities (Rajan and Zingales, 1995; Baker and Wurgler, 2002; Faulkender 

and Petersen, 2005). Campbell et al. (2005) demonstrate that MB has a positive effect on 

the risk of failure “when market value is unusually high relative to book value” (p.11). 

Following Shumway (2001) the size measure we use is the value of the company relative 

to the value of all companies listed on the ASX. We measure this variable as Log(Firm 

Market Capitalization i,t/Total ASX Market Value t), which is denoted as RSIZE. Market 

Capitalization/Total Liabilities (MC/TL) is used as a measure of market leverage. Bigger 

values of this variable represent lower levels of leverage and it is expected that this 

variable will have a negative relationship with the risk of failure. 

Shumway (2001) includes firms’ past excess returns and stock returns volatility in the 

covariate set. However these two market variables are excluded from our model as there 

is insufficient data on failed observations. There are only twenty four failed observations 

with sufficient data in Datastream to compute excess returns and volatility. 

 

SUMMARY STATISTICS 
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 Table III presents descriptive statistics for annual observations of the predictor variables 

after the data filtering process described in Section 4.1. The minimum and maximum 

values reported in the table are calculated after truncation. The financial characteristics of 

non-failed firms are a noticeable contrast to those of failed firms for most variables.4 For 

example, failed firms are found to have lower levels of profitability, operating liquidity 

and cash flow compared to those of non-failed firms. Meanwhile, non-failed firms have a 

lower level of book leverage and a higher market-to-book ratio. The dispersion of 

financial ratios among failed firms is also wider than that of non-failed firms, evidenced 

by higher standard deviations.  

[ Table III about here] 

The first panel shows descriptive statistics for all firm-year observations of the entire 

sample and the other two panels report descriptive statistics for the estimation and 

holdout sample. For the whole sample we have 1,716 non-financial firms’ information 

where 13,505 firm-year observations are obtained with 120 failure events. The second 

panel shows summary statistics for all firm-year observations of the estimation sample. 

There are a total of 1,278 firms and 8,815 firm-year observations in the estimation sample, 

of which 80 are failure events. For the holdout sample as shown in the third panel, we 

have 1,471 firms’ information with 4,690 firm-year observations, where there are 40 

failure events.  

Table III shows that on average profitability (NI/TA) was negative for the full sample, 

the estimation sample, and the holdout sample. This is not the result of poor profits in a 

                                                 
4 Wilcoxon-Mann-Whitney test is carried out for each variable to test the significance of differences of firm 
characteristics between failed and non-failed groups. The test shows the differences are statistically 
significant at the 1% level for all variables except for the WC/TA for the entire sample and the estimation 
sample, and at the 5% level for all variables, with the exception of WC/TA, for the holdout sample. 
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specific period. Panel D in Table III, shows that profitability, on average, has been 

negative in sixteen of the eighteen years studied. This result is surprising, but it is driven 

by small firms. The value weighted mean for NI/TA (not reported here) is positive. As 

shown in Panel E of Table III, if we restrict our sample to the top quartile of firms by size, 

the mean and median profitability are positive. If we limit the sample to the top half of 

firms by size, the mean is negative but the median is positive. 

It is noted that not all public firms have complete accounting and market information 

available for estimating the parameters of the model. In this study, any firm-year 

observations with incomplete data were eliminated from the final sample. Table III, 

therefore only contains statistics for variables where all values are non-missing. The 

elimination of missing value cases was done for two reasons. First, handling missing 

values causes substantial computational problems and second including missing value 

cases is likely to lead to informative censoring as we discuss below. 

In relation to defaulting firms Sobehart and Stein (2000) state, “…financial and 

market information are less likely to be complete or reliable in the time period leading up 

to default” (p.12). Thus missing data may be an indicator of failure.  

We compare cases with missing and non-missing values using the Mann-Whitney test. 

The result shows that the missing data is associated with firms that have more negative 

profits, higher leverage, and more negative cash flow. It appears that the cases with 

missing data are financially weaker than firms with complete data and therefore are more 

likely to fail.5 If this is true, and these firms were included in the study at the times when 

there was data and then treated as censored when data was not available, this would give 

                                                 
5 We note, however, that we did not find any information that these firms were liquidated, went into 
receivership, or were delisted for failure to pay fees. 
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rise to informative censoring. That is, the censoring substitutes for the failure event and 

this violates the assumptions underlying the analysis.  

Correlation matrices of the seven covariates in the model are constructed for the 

entire sample, the estimation sample and the holdout sample, respectively. The Pearson 

Product-Moment correlations are presented in Table IV. All of the correlations are 

statistically significant at the 1% level, but the correlations are not so large as to cause 

concerns about colliniarity. The highest correlation at about 0.65 is between Net 

Income/Total Assets and Net Operating Cash Flow/Total Assets.  

[Table IV about here] 

 

5. Empirical Analysis 

MODEL ESTIMATION 

The time-dependent Cox’s regression model for the hazard has been estimated using the 

estimation sample (1989–2002) of 1,278 firms, with 80 failure observations. Panel A in 

Table V shows the total number of firms used in estimating the model parameters, and 

each number of failed and censored firms. The resulting coefficient estimates of the 

model are shown in Panel B in Table V, with their expected signs and their respective 

chi-square, and p-values. 

[Table V about here] 

From Panel B in Table V we see that all of the variables have coefficients of the sign 

expected and three of the variables are statistically significant in explaining failure risk. 

Higher book leverage, less cash flow generating ability, and lower MC/TL increase the 

probability of failure as expected. RSIZE, which was a significant predictor in previous 
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studies (Shumway, 2001; Campbell et al., 2005) turns out to be not significant in this 

model. However, RSIZE is the only significant variable in the (unreported) model with 

untruncated data. 

Table VI shows the changes of risk scores and survival probabilities by time horizon. 

The time-dependent risk scores can be calculated for each firm as )(ˆ tziβ . Following the 

approach of Chen et al. (2005), β̂  is a vector of estimated coefficients shown in Table V 

and )(tzi  is a vector of values of covariates for firm i at time t. For example, the risk 

score of Firm 1 at time 2 is estimated using the estimated coefficients from Table V and 

the values of seven predictor variables for firm 1 at the second year of the firm’s life time.  

The survival probabilities are calculated using Equation (7) and taking the 

exponential of the negative integrated hazard. 

Panel A in Table VI presents the resulting risk scores and survival probabilities for 

ten randomly selected firms in the non-failed group and Panel B shows those for ten firms 

in the failed group.6 Comparing these survival probabilities for the failed firms with the 

those for the surviving firms at the same time horizons (Lifetime), the failing firms have 

lower probabilities in all cases except for the comparison at 14 years. However, in most 

cases the differences are not great and the survival probabilities for the failed firms are 

generally high, with several above 0.9. 

The explanation for the foregoing seems to lie in the interaction between the risk 

score and the baseline hazard. Since the incidence of failure in the estimation sample is 

small, the risk of failure for an average firm is small. Consequently, although the baseline 

hazard rises through time, it remains small. Thus, to obtain a small probability of survival 
                                                 
6 Risk scores and survival probabilities are presented for only twenty firms in our study sample due to 
limited space. 
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requires a substantial scaling up of the baseline hazard by the risk score. It appears in this 

analysis that the risk scores for failed firms are not often large enough to achieve the 

required scaling up.  

[Table VI about here] 

 

MODEL VALIDATION  

We now evaluate the ability of our time-dependent hazards model to predict failures. As 

discussed in Section 2, when the probability prediction is converted to a state prediction, 

picking the optimal cut-off value becomes an issue. Using ROC curves is one way to 

sidestep the problem of determining an optimal cut-off point, since it examines the 

predictive power of the model across the entire spectrum of possible cut-off points. The 

ROC curve for a particular model is determined by the hit rate (correctly predicting 

failures) and the false alarm rate (incorrectly predicting non-failures to failures). The 

ROC curves plot the combinations of the false alarm rate (X-axis) and hit rate (Y-axis) as 

the cut-off point is varied across all possible values. A detailed explanation of the ROC 

curve can be found in Hanley and McNeil (1982), Mason and Graham (1999), Sobehart 

and Keenan (2001), and Wong et al. (2007). 

We form ROC curves at one-year intervals through time for both the estimation 

sample and the holdout sample. Table VII shows the area under the ROC (AUROC) 

curve of the in-sample and out-of-sample survival functions. The AUROC measures the 

predictive accuracy of the model and the higher the AUROC, the better the model’s 

prediction. Predictions made at random have an AUROC of 0.5 and models that do not 

beat this benchmark have no predictive power.   
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[Table VII about here] 

For in-sample estimates (see Panel A in Table VII), the time-dependent hazards 

model appears to perform better than a randomly allocated prediction with the exception 

of 1-year (0.4612) and 2-year (0.4887) horizon. The poor performance at these short 

horizons is because there were no failures in the estimation sample within this period. 

Interestingly, the model’s estimates become better at longer horizons. For those firms that 

have been in the risk set for 14 years, our model has an accuracy of 81% in sample. This 

result is in direct contrast to most bankruptcy studies, where predictive accuracy 

deteriorates sharply as the time horizon lengthens. The model also has predictive 

accuracy out of sample (see Panel B in Table VII), but the time horizon is much shorter 

due to the much shorter time period covered by the holdout sample. Predictive accuracy 

improves from year 1 to year 3 but falls in year 4. 

While the model has some predictive power, there is plenty of scope for improvement. 

It is possible that there is a problem with untimely or less than reliable financial statement 

information, especially for those firms approaching financial distress. It may, therefore, 

be worthwhile to include more market-driven variables such as past stock returns, and 

stock returns volatility which can be observed more frequently than accounting data. The 

current model does not allow for changes in macroeconomic variables, so a possible 

extension is to introduce such variables, or alternatively control for the effect of such 

variables by estimating the model in calendar time rather than event time. There may also 

be problems arising from survival bias, and this may be more prevalent in the early years 

of the study. 
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6. Summary and conclusions 

Problems of time-varying predictor variables and baseline hazard estimates have been 

major obstacles to the application of survival analysis into multiple-period bankruptcy 

data. This study has taken a step towards solving these problems by applying the time-

dependent Cox’s regression model to Australian financial distress prediction. We use 

seven covariates, whose values are updated on a year by year basis from 1989 to 2006. 

The attractive feature of time-dependent survival modeling is that it allows for dynamic 

changes of firm’s risk levels and its corresponding survival probabilities through time.  

The results show that firms with higher book leverage, less cash flow generating 

ability and less market value relative to debt are more likely to fail, which is partly in line 

with the results found in Shumway (2001). However, the baseline hazard appears to have 

a strong effect on the estimated hazard rates relative to the risk factors for failing firms. 

An intriguing result in the study is the improvement in the accuracy of the financial 

distress probabilities as the time horizon lengthens. However, the predictive power of the 

model is modest and there is scope for considerable improvement. 

Suggestions for future research include extending the model to incorporate more 

timely market information such as stock return and volatility, and to include variables 

that capture macroeconomic changes through time.    

 

61



 

 - 21 -  

References 

Altman, E. I. (1968) Financial ratios, discriminant analysis and the prediction of     

corporate bankruptcy, Journal of Finance 23(4), 589-609. 

Altman, E. I., Haldeman, R. G. and Narayanan, P. (1977) Zeta™ analysis: A new model 

to identify bankruptcy risk of corporations, Journal of Banking and Finance 1, 29-54. 

Andersen P. K. (1992) Repeated assessment of risk factors in survival analysis, Statistical 

Methods in Medical Research 1, 297-315. 

Baker, M. and Wurgler, J. (2002) Market timing and capital structure, Journal of Finance 

57, 1-32. 

Bandopadhyaya, A. (1994) An estimation of the hazard rate of firms under Chapter 11 

protection, The Review of Economics and Statistics 76, 346-350. 

Beaver, W. H. (1966) Financial Ratios as Predictors of Failure, Journal of Accounting 

Research 4, 71-111. 

Campbell, J. Y., Hilscher, J. and Szilagyi J. (2005), In search of distress risk, unpublished 

working paper, Harvard University. 

Castagna, A. D. and Matolcsy, Z. P. (1981) The Prediction of Corporate Failure: Testing 

the Australian Experience, Australian Journal of Management 6, 23-50. 

Chen, K. C. and Lee, C. J. (1993) Financial ratios and corporate endurance: A case of the 

oil and gas industry, Contemporary Accounting Research 9(2), 667-694. 

Chen, L., Yen, M., Wu, H., Liao, C., Liou, D., Kuo, H. and Chen, T. H. (2005) Predictive 

survival model with time-dependent prognostic factors: development of computer-

aided SAS Macro program, Journal of Evaluation in Clinical Practice 11(2), 181-193. 

62



 

 - 22 -  

Coats, P.K and Fant, L.F. (1992) A neural network approach to forecasting financial 

distress, The Journal of Business Forecasting, 9-12. 

Cox, D. R. (1972) Regression and life tables, Journal of the Royal Statistical Society 34, 

187-220. 

Crapp, H. and Stevenson, M. (1987) Development of a method to assess the relevant 

variables and the probability of financial distress, Australian Journal of Management 

12(2), 221-236. 

Faulkender, M. and Petersen, M. A. (2005) Does the source of capital affect capital 

structure?, Review of Financial Studies 19, 45-79. 

Frydman, H., Altman E. I. and Kao, D. (1985) Introducing recursive partitioning for 

financial classification: The case of financial distress, Journal of Finance 40(1), 269-

291. 

Gharghori, P., Chan, H. and Faff, R. (2006) Investigating the Performance of Alternative 

Default-Risk Models: Option-Based Versus Accounting-Based Approaches, 

Australian Journal of Management 31, 207-234. 

Hanley A. and McNeil B. (1982) The meaning and use of the area under a receiver 

operating characteristics (ROC) curve, Radiology 143(1), 29-36. 

Kim, Y., Anderson, D. R., Amburgey, T. L. and Hickman, J. C. (1995) The Use of Event 

History Analysis to Examine Insurer Insolvencies, Journal of Risk and Insurance 62, 

94-110. 

Jones, S. and Hensher, D. A. (2004) Predicting firm financial distress: A mixed logit 

model, The Accounting Review 79(4), 1011-1038. 

63



 

 - 23 -  

Koh, H. C. (1992) The sensitivity of optimal cutoff points to misclassification costs of 

Type I and Type II Errors in the going-concern prediction context, Journal of 

Business Finance and Accounting 19, 187-197. 

Lane, W. R., Looney S. W. and Wansley, J. W. (1986) An application of the Cox 

proportional hazards model to bank failure, Journal of Banking and Finance 10(4), 

511-531. 

LeClere, M. J. (2000) The occurrence and timing of events: Survival analysis applied to 

the study of financial distress, Journal of Accounting Literature 19, 158-189. 

Liu, J. (2004) Macroeconomic determinants of corporate failures: evidence from the UK, 

Applied Economics 36, 939-945. 

Mason, S. J. and Graham, N. E. (1999) Conditional probabilities, relative operating 

characteristics, and relative operating levels. Weather and Forecasting 14(5), 713-725. 

Odom, M. D. and Sharda, R. (1990) A neural network model for bankruptcy prediction, 

Proceedings of the IEEE International Joint Conference on Neural Networks 

(IJCNN) 2, 163-168. 

Ohlson, J. A. (1980) Financial ratios and the probabilistic prediction of bankruptcy, 

Journal of Accounting Research 18(1), 109-131. 

Pacey, J. W. and Pham, T. M. (1990) The predictiveness of bankruptcy models: 

methodological problems and evidence, Australian Journal of Management 15(2), 

315-337. 

Rajan, R. G. and Zingales L. (1995) What do we know about capital structure? Some 

evidence from international data, Journal of Finance 50, 1421-1460. 

64



 

 - 24 -  

Sobehart J. R. and Keenan S. (2001) Measuring default accurately, Credit Risk Special 

Report, Risk, 31-33. 

Sobehart, J. R. and Stein, R. M. (2000) Moody’s public firm risk model: A hybrid 

approach to modeling short term default risk, Moody’s Rating Methodology.  

Shumway, T. (2001) Forecasting bankruptcy more accurately: A simple hazard model, 

The Journal of Business 74, 101-124. 

Tam, K. Y. and Kiang, M. Y. (1992) Managerial applications of neural networks: The 

case of bank failure predictions, Management Science 38, 926-947. 

Tan, C. N. and Dihardjo H. (2001) A study on using artificial neural networks to develop 

an early warning predictor for credit union financial distress with comparison to the 

probit model, Managerial Finance 27, 56-77. 

Wheelock, D. C. and Wilson, P.W. (1995) Explaining bank failures: Deposit insurance, 

regulation, Review of Economics & Statistics 77, 689-700. 

Wilson, R. L. and Sharda, R. (1994) Bankruptcy prediction using neural networks, 

Decision Support Systems 11, 545-557. 

Wong, B., Partington, G., Stevenson, M. and Torbey, V. (2007) Surviving chapter 11 

bankruptcies: Duration and payoff?, ABACUS 43(3), 363-387. 

65



 

 - 25 -  

Table I 
Data sample 

This table shows the total number of firms in our study sample, the number of non-failed firms, the number 
of failed firms and percentages of failed to non-failed firms for every year over the sample period of 1989 – 
2006. Our study sample includes financially distressed (failed) firm data of publicly traded companies on 
the Australian Securities Exchange (ASX) between 1989 and 2006. Firms which are in the financial sector, 
as indicated by their GICS code, are excluded from the sample. There are 1,716 non-financial firms and 
120 failed firms in our study sample. In total, we have 13,505 firm-year observations. 
 

Year No of firms 

No of non-failed 

firms 

No of failed 

firms 

Percentage of  

failed to non-failed firms 

1989 56 56 0 0.00% 

1990 67 67 0 0.00% 

1991 99 99 0 0.00% 

1992 462 462 0 0.00% 

1993 520 520 0 0.00% 

1994 622 621 1 0.16% 

1995 678 675 3 0.44% 

1996 735 730 5 0.68% 

1997 779 767 12 1.56% 

1998 812 806 6 0.74% 

1999 877 867 10 1.15% 

2000 999 979 20 2.04% 

2001 1,044 1,037 7 0.68% 

2002 1,065 1,049 16 1.53% 

2003 1,072 1,064 8 0.75% 

2004 1,137 1,124 13 1.16% 

2005 1,224 1,210 14 1.16% 

2006 1,257 1,252 5 0.40% 
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 Table III 

Descriptive statistics 
This table shows descriptive statistics for firm-year observations of the ASX listed firms. Each firm has 
multiple observations according to firm age (duration). The data is reported after truncation of the top and 
bottom one percent of the distribution for each variable. NI/TA is the firm’s net income divided by its total 
assets; WC/TA is the firm’s working capital divided by its total assets; TL/TA is the ratio of firm’s total 
liabilities to its total assets; CF/TA is the ratio of firm’s net operating cash flow to its total assets; MB is the 
market-to-book ratio of the firm’s market capitalization to its total equity; RSIZE is the firm’s relative size 
measured as the log ratio of each firm’s market capitalization to that of the ASX All Ordinary Index; 
MC/TL is the firm’s market capitalization divided by its total liabilities. Panel A shows descriptive 
statistics for all firm-year observations for the entire sample over the period of 1989 – 2006. There are a 
total of 1,716 non-financial firms and 13,505 firm-year observations in the sample. The description of Panel 
B is as for Panel A except that it applies to an estimation sample over the period of 1989 – 2002. There are 
a total of 1,278 non-financial firms and 8,815 firm-year observations in the sample. The description of 
Panel C is also as for Panel A except that it applies to a holdout sample for the period of 2003 – 2006. 
There are a total of 1,471 non-financial firms and 4,690 firm-year observations in the sample.  
 
Panel A: Descriptive statistics for the entire sample 

Variables 
Distress 

group 
N Mean1 Median Std. Dev. Minimum Maximum 

NI / TA Non-failed 13,385 -0.2044408 -0.0144001 0.6490058 -4.6944134 0.3698276 

 Failed 120 -1.4259877 -0.1818189 4.9484986 -36.621599 0.3667659 

WC / TA Non-failed 13,385 0.0498244 0.0136517 0.1990892 -0.7378846 0.6911081 

 Failed 120 -0.0992059 0.0078747 0.7655856 -4.2500000 0.7887640 

TL / TA Non-failed 13,385 0.3825350 0.3499641 0.3543285 0.0048285 2.3684211 

 Failed 120 1.0349375 0.5787598 2.0435304 0.0092766 14.322398 

CF / TA Non-failed 13,385 -0.0660576 0 0.3084523 -1.8497853 0.4167387 

 Failed 120 -0.4722762 -0.0597495 1.7888868 -10.618299 0.5881350 

MB Non-failed 13,385 2.4564399 1.5268424 3.7434954 -6.4046426 25.692266 

 Failed 120 1.5973045 0.9689144 6.9971732 -24.823141 27.223200 

RSIZE Non-failed 13,385 -4.2615247 -4.4209000 0.9229622 -5.8409512 -1.7255087 

 Failed 120 -4.5124554 -4.5851476 0.9716785 -6.2175435 0 

MC / TL Non-failed 13,385 22.596316 3.4666430 53.992915 0.0873250 368.65309 

 Failed 120 17.355549 1.2061581 75.842800 0 573.39857 
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Panel B: Descriptive statistics for estimation sample 

Variables 
Distress 

group 
N Mean1 Median Std. Dev. Minimum Maximum 

NI / TA Non-failed 8,735 -0.1890736 -0.0026044 0.6331541 -4.6944134 0.3698276 

 Failed 80 -0.7210438 -0.1230941 1.7651057 -10.924480 0.3667659 

WC / TA Non-failed 8,735 0.0616954 0.0255293 0.1993843 -0.7378846 0.6911081 

 Failed 80 -0.0573539 0.0393789 0.7473615 -4.2500000 0.7887640 

TL / TA Non-failed 8,735 0.3900234 0.3714161 0.3461527 0.0048285 2.3684211 

 Failed 80 0.8629750 0.5870555 1.6768221 0.0092766 14.322398 

CF / TA Non-failed 8,735 -0.0472258 0.0066185 0.2815238 -1.8497853 0.4168856 

 Failed 80 -0.3237540 -0.0421652 1.3332033 -10.588315 0.5881350 

MB Non-failed 8,735 2.2352357 1.3698105 3.4939221 -6.4046426 25.692266 

 Failed 80 1.6746397 0.8528784 6.7926516 -24.823141 27.223200 

RSIZE Non-failed 8,735 -4.1888888 -4.3521340 0.9305348 -5.8409512 -1.7255087 

 Failed 80 -4.4172784 -4.5148183 1.0420785 -6.2175435 0 

MC / TL Non-failed 8,735 20.976386 2.8993440 53.461274 0.0873250 368.65309 

 Failed 80 6.2985941 0.8307736 17.876830 0 118.89981 

Panel C: Descriptive statistics for holdout sample 

Variables 
Distress 

group 
N Mean1 Median Std. Dev. Minimum Maximum 

NI / TA Non-failed 4,650 -0.2333081 -0.0386126 0.6769085 -4.6944134 0.3698276 

 Failed 40 -2.8358756 -0.3663879 8.0839024 -36.621599 0.3667659 

WC / TA Non-failed 4,650 0.0275248 -0.0009020 0.1966263 -0.7378846 0.6911081 

 Failed 40 -0.1829101 -0.0120981 0.8038793 -4.2500000 0.7085983 

TL / TA Non-failed 4,650 0.3684681 0.3046126 0.3688246 0.0048285 2.3684211 

 Failed 40 1.3788624 0.5696045 2.6200512 0.0092766 14.322398 

CF / TA Non-failed 4,650 -0.1014330 -0.0230894 0.3508450 -1.8497853 0.4168856 

 Failed 40 -0.7693206 -0.1016838 2.4552539 -10.618299 0.5881350 

MB Non-failed 4,650 2.8719708 1.8390339 4.1407167 -6.4046426 25.692266 

 Failed 40 1.4426342 1.2268207 7.4760934 -24.823141 27.223200 

RSIZE Non-failed 4,650 -4.3979710 -4.5520429 0.8928262 -5.8409512 -1.7255087 

 Failed 40 -4.7028093 -4.7309524 0.7908544 -6.2175435 -3.1303092 

MC / TL Non-failed 4,650 25.639346 5.0722199 54.854289 0.0873250 368.65309 

 Failed 40 39.469459 1.8335542 127.08922 0.0239425 573.39857 
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Panel D: Descriptive Statistics of NI/TA grouped by Year 

Year N Mean Median Std. Dev. Minimum Maximum 

1989 56 0.0541701   0.0528488   0.0922714   -0.2753289   0.3163628 

1990 67 0.0199665   0.0517173   0.2000937   -1.2635262   0.3698276 

1991 99 -0.0515958   0.0354946   0.4727639   -4.6944134   0.3698276 

1992 462 -0.2445626   0.0002112   0.7980315   -4.6944134   0.3045397 

1993 520 -0.1191241   0.0132208   0.5720244   -4.6944134   0.3698276 

1994 622 -0.0820474 0.0227670   0.4903810   -4.6944134   0.3698276 

1995 678 -0.1155786   0.0190306   0.5374183   -4.6944134   0.3698276 

1996 735 -0.0774989 0.0132043   0.3641876   -4.6944134 0.3698276 

1997 779 -0.1080678   0 0.4014774   -4.9638071 0.3698276 

1998 812 -0.1733446   0 0.6198979   -4.6944134   0.3698276 

1999 877 -0.1681899 0 0.5646330   -4.6944134   0.3698276 

2000 999 -0.1396347   -0.0049617   0.4931552   -4.6944134   0.3698276 

2001 1,044 -0.3593912   -0.0401468   0.9277242   -10.9244802   0.3698276 

2002 1,065 -0.3696295   -0.0649399   0.9007334 -8.5540541   0.3698276 

2003 1,072 -0.3203504   -0.0386937   0.8473606   -7.5795358   0.3698276 

2004 1,137 -0.2209747   -0.0294531   0.7211106   -9.2613779   0.3698276 

2005 1,224 -0.2237759   -0.0410236   0.6274303   -4.6944134   0.3698276 

2006 1,257 -0.2827157   -0.0384873   1.5482209   -36.6215998 0.3698276 

Panel E: Descriptive Statistics of NI/TA grouped by Firm Size 

Firm Size 

(Quartile) 
N Mean Median Std. Dev. Minimum Maximum 

Q1 3376 -0.5247709   -0.1765108 1.1743217 -36.6215998 0.3698276 

Q2 3376 -0.2784907 -0.0794690 0.9163825 -36.6215998 0.3698276 

Q3 3376 -0.0939643 0.0137022 0.3983990 -4.6944134 0.3698276 

Q4 3377 0.0341840 0.0499120 0.1886210 -4.6944134 0.3698276 
1 Wilcoxon-Mann-Whitney test is carried out for each variable to test the significance of differences of firm 
characteristics between failed and non-failed groups. The test shows the differences are statistically 
significant at the 1% level for all variables except for the WC/TA for the entire sample and estimation 
sample, and at the 5% level for all variables, with the exception of WC/TA, for holdout sample. 
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Table IV 
Correlation matrix 

This table presents the Pearson Product-Moment correlations. Pearson correlation statistics are computed 
from observations with non-missing values for each pair of predictor variables. All correlations are 
significant at the 1% level (two-sided test). NI/TA is the firm’s net income divided by its total assets; 
WC/TA is the firm’s working capital divided by its total assets; TL/TA is the ratio of firm’s total liabilities 
to its total assets; CF/TA is the ratio of firm’s net operating cash flow to its total assets; MB is the market-
to-book ratio of the firm’s market capitalization to its total equity; RSIZE is the firm’s relative size 
measured as the log ratio of each firm’s market capitalization to that of the ASX All Ordinary Index; 
MC/TL is the firm’s market capitalization divided by its total liabilities. Correlation matrices of the seven 
covariates in the model are constructed for the entire sample (Panel A), the estimation sample (Panel B) and 
the holdout sample (Panel C), respectively. Panel A shows the correlation matrices constructed based on 
13,505 all firm-year observations from 1989 – 2006 including 120 failed firms. Panel B is constructed 
using the estimation sample, where there are 8,815 firm-year observations from 1989 – 2002 including 80 
failed firms. Panel C is constructed on a holdout sample, where there are 4,690 firm-year observations from 
2003 – 2006 including 40 failed firms. 
 
Panel A: Correlation matrix for the entire sample 

Variables NI / TA WC / TA TL / TA CF / TA MB RSIZE MC / TL 

NI / TA  0.355 -0.329 0.652 -0.063 0.258 -0.053 

WC / TA   -0.301 0.300 -0.057 0.108 0.015 

TL / TA    -0.169 -0.080 0.069 -0.311 

CF / TA     -0.123 0.333 -0.136 

MB      0.120 0.229 

RSIZE       -0.112 

MC / TL        

Panel B: Correlation matrix for estimation sample  

Variables NI / TA WC / TA TL / TA CF / TA MB RSIZE MC / TL 

NI / TA  0.331 -0.253 0.666 -0.052 0.290 -0.049 

WC / TA   -0.254 0.240 -0.046 0.082 0.040 

TL / TA    -0.079 -0.075 0.073 -0.321 

CF / TA     -0.110 0.326 -0.142 

MB      0.138 0.238 

RSIZE       -0.103 

MC / TL        

Panel C: Correlation matrix for holdout sample 

Variables NI / TA WC / TA TL / TA CF / TA MB RSIZE MC / TL 

NI / TA  0.401 -0.416 0.642 -0.070 0.230 -0.058 

WC / TA   -0.386 0.382 -0.058 0.136 -0.020 

TL / TA    -0.281 -0.083 0.059 -0.295 

CF / TA     -0.126 0.341 -0.123 

MB      0.118 0.208 

RSIZE       -0.117 

MC / TL        
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Table V 
Hazard model estimates  

Panel A shows the total number of firms, the number of failed firms and the number of censored (non-
failed) firms and percentages of censored to the total number of firms in our estimation sample over the 
period of 1989 – 2002. Panel B reports the parameter estimates of Cox hazards model with time-varying 

covariates, 
⎭
⎬
⎫

⎩
⎨
⎧

⋅= ∑
=

p

j

i
jji tzthtzth

1
0 )(exp)())(|( β . NI/TA is the firm’s net income divided by its total assets; 

WC/TA is the firm’s working capital divided by its total assets; TL/TA is the ratio of firm’s total liabilities 
to its total assets; CF/TA is the ratio of firm’s net operating cash flow to its total assets; MB is the market-
to-book ratio of the firm’s market capitalization to its total equity; RSIZE is the firm’s relative size 
measured as the log ratio of each firm’s market capitalization to that of the ASX All Ordinary Index; 
MC/TL is the firm’s market capitalization divided by its total liabilities. A positive coefficient on a 
particular variable implies that the hazard rate is increasing in that variable.  
 
Panel A: Number of failed and censored firms in the estimation sample 

Total  Failed Censored Percent Censored 

1,278 80 1,198 93.74 

Panel B: Parameter estimates 

Variables 
Expected 

sign 
Coefficient Std. Error Chi-Square p-Value 

NI / TA - -0.06714 0.11583 0.3360 0.5621 

WC / TA - -0.31114 0.27851 1.2480 0.2639 

TL / TA + 0.32142 0.07622 17.7809 <.0001 

CF / TA - -0.60997 0.16368 13.8875 0.0002 

MB + 0.02143 0.02354 0.8291 0.3625 

RSIZE - -0.15080 0.12955 1.3549 0.2444 

MC / TL - -0.02896 0.01132 6.5483 0.0105 

Panel C: Log Likelihood Statistics 
Criterion Without Covariates With Covariates 
-2 LOG L 1058.940 1000.033 

 
Test Chi-Square DF Pr > ChiSq 

Likelihood Ratio 58.9066 7 < .0001 
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Table VII 
Predictive Accuracy 

This table shows the area under the ROC (AUROC) curve of the in-sample and out-of-sample survival 
functions. The AUROC measures the predictive accuracy of the model and the higher the AUROC, the 
better the model. Predictions made at random have an AUROC of 0.5 and models that do not beat this 
benchmark have no predictive power. Panel A examines predictive accuracy over the period for which we 
have estimation sample from 1989 to 2003. The estimation horizon is presented with event time, from 1 to 
14 years. Panel B describes the area under the ROC curve for holdout sample. Holdout sample is reserved 
for the purpose of out-sample prediction, and whose predictive accuracy is tested against the estimated 
time-dependent Cox hazards model.    
 
Panel A: Predictive accuracy over estimation sample – Area under the ROC curve for in-sample prediction 

Estimation Horizon AUROC 

1 0.4612441 

2 0.4887909 

3 0.6408263 

4 0.6411966 

5 0.6646468 

6 0.6500862 

7 0.6365567 

8 0.6428241 

9 0.6608045 

10 0.6519414 

11 0.7000067 

12 0.7426942 

13 0.7929476 

14 0.8106618 

Panel B: Predictive accuracy over holdout sample – Area under the ROC curve for out-of-sample prediction 

Forecast Horizon AUROC 

1 0.6075342 

2 0.6706679 

3 0.6960380 

4 0.6661926 
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Figure 1 
Calendar time vs. Event time 

Panel A: Arrangement of Firms in the Risk set according to calendar time 

 

Panel B: Arrangement of Firms in the Risk set according to Event Time 
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Figure 2 
Calculation of the Likelihood for the Failure of Firm A in a Time-dependent Model 
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Abstract 
 
The paper seeks to shed light on the contention regarding ascertaining the financial soundness 
of non-life insurance companies using a developing country as the context. It examines the 
current evaluation tools being used by the Ghanaian regulatory and supervisory body (the 
National Insurance Commission, NIC) on non-life insurance companies in Ghana and 
compares it with the CARAMELS model including other rival theories in determining the 
financial health of insurance companies.  
 
The motivation of the study is that the unique format of insurance companies� financials does 
not lend itself to traditional financial accounting analysis. Besides, assessing financial 
soundness in the insurance industry is a complex task since the overall financial position of an 
insurance company depends on many factors, some of which are difficult to quantify. Though, 
recommendations as well as conclusions from past studies concerning the financial health on 
non-life insurance companies are mixed, but results from the study suggest that, the framework 
being used currently by NIC to assess the financial health of non-life insurance companies in 
Ghana is not comprehensive enough to give early warnings to the industry�s stakeholders and 
that the CARAMELS model as proposed by other authors fits the Ghanaian context and helps 
to bring to the fore, the generally accepted insurance core principles in the financial behaviour 
of non-life insurance companies in Ghana. 
 
 Key Words: financial health, non-life insurance and risks 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
1 Introduction 
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Insurance is an important and growing part of the financial sector in almost all 
developed and some developing economies.  The insurance industry primarily provides 
indemnification of risks faced by both individuals and companies, strengthens the 
linkages with other sectors of the economy in promoting growth and stability, and 
creating a sizeable impact on the national income of a country.   
 
To achieve the above, it is essential to have a resilient and a well-regulated insurance 
industry that provides adequate incentives for efficiency and fairness as well as 
safeguards the interests of the policyholders. Moreover, it is imperative that the 
insurance supervisory systems and practices are continually upgraded to cope with 
developments as well as understand and address financial and systemic stability 
concerns arising from the insurance sector as they emerge. For these reasons the 
National Insurance Commission (NIC), a regulatory and supervisory body was 
established by the Ghanaian government in 1989.  
 
As an insurance supervisor, NIC’s main aim is to build and maintain public confidence 
in the insurance industry by working to ensure that policyholders are fairly treated in 
accordance with the terms and conditions of an insurance contract as well as guarantee 
that insurance companies operating in the Ghanaian market are financially solvent and 
capable of delivering on their promises to policyholders. 
 
To reach the above goals, the NIC embarks on a number of supervisory processes 
ranging from quantitative to qualitative assessments of the insurance companies (e.g. 
financial analysis, market analysis report and so on, NIC Supervision Dept., 2007).  
 
Every time an insurance company is declared insolvent, thousands of policyholders 
suddenly find themselves with some very serious problems. That is why it is so 
important to periodically evaluate and monitor the financial condition of insurance 
companies by regulators, investors, and insurer management.  
 
Often, the evaluation of insurance companies is mostly based on annual reports 
submitted by insurers and if findings from the financial statements evaluation lead to 
any doubt about the solidity of that company, then the supervisory body can decide to 
request for more information or to visit the company for a more thorough examination 
(on-site inspection). 
 
An on-site inspection can give a better idea of the solidity of a company than a sole 
analysis of the financial statements (Angerer, 1993). On-site inspections enable the NIC 
to make sure that the documents submitted reflect the actual situation, and to obtain 
additional prospective information about the business practices. 
 
In this paper, we examine the evaluation framework1 being used by the Ghanaian 
regulatory and supervisory body (NIC) and compare it with the CARAMELS and other 
evaluation frameworks in determining the financial health of non-life insurance 
companies in Ghana.  
 

                                                
1 This study focuses on the financial evaluation aspect. 
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This will in no doubt contribute to current literature and enhance the discussion on the 
evaluation (supervisory) processes of insurance companies to ensure the existence of a 
sound insurance market, a necessity for any successful economy.  
 
The remainder of this paper is organized as follows: the next section discusses the 
conceptual issues on the evaluation processes; section three (3) the data collection and 
analysis; and finally, section four (4) the findings and recommendations.  
 
 
2 Conceptual Background  
Generally, insurance is considered a system under which the insurer (insurance 
company), for a consideration (premium) usually agreed upon in advance, promises to 
reimburse the insured (client) or to render services to the insured (client) in the event 
that certain accidental occurrences result in losses during a given period (Columbia 
Encyclopaedia, 2004,). It provides indemnification against loss or liability from specified 
events and circumstances that may occur or be discovered during a specified period. 
 
The nature of insurance activity, i.e. covering risks for the economy, financial and 
corporate undertakings and households - has both differences and similarities when 
compared to the other financial sectors. Insurance, unlike most financial products, is 
characterized by the reversal of the production cycle insofar as premiums are collected 
when the contract is entered into and claims and costs arise only if a specified event 
occurs. Insurers intermediate risks directly. They manage these risks through 
diversification and the law of large numbers enhanced by a range of other techniques. 
These and other activities of insurers, i.e. Rate Making, Underwriting, Production, Claim 
Settlement, Reinsurance, and Investments, aided by intermediaries (brokers and agents) 
make the evaluation of an insurance company complex (Rejda, 1992). 
 
For the above reason, the evaluation of insurers generally involves only statistical 
information or a mixture of quantitative and qualitative information (e.g. Swiss Re, 
Sigma No.4/2003 Das, et al 2003, Chen and Wong, 2004). 
 
In developed countries, insurance company ratings agencies evaluate the financial 
soundness and creditworthiness of insurers using a variety of both quantitative and 
qualitative information, with different degree of emphasis.  
 
 
2.1 The Evaluation of insurers by Rating Agencies 
Insurance company ratings (evaluation) are vital to many insurance industry 
constituencies because it provides guidance to many of the different constituencies 
including regulators, agents and brokers, investors, insurance consumers, and the 
insurer being rated. 
 
Generally, insurers receive two principal types of ratings: financial strength ratings 
(FSRs) and Debt ratings. The FSRs measures an insurer’s ability to meet its ongoing 
policyholder obligations punctually, whilst a debt rating assesses the creditworthiness of 
an insurer with respect to a specific debt issue (Swiss Re, Sigma No.4/2003)2. 

                                                
2 This study focuses on the financial strength rating (evaluation). 
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Of the estimated 140 rating firms in the world, the basic methodology for the FSRs is 
the use of the both quantitative and qualitative information. However, the 
methodologies accepted globally is that of only five (5) rating agencies due to the fact 
that they have widespread credibility and employ more than 100 analysts: A.M Best, 
Fitch (formerly Duff & Phelps), Standard & Poors (S&P), Moody's investment services 
and  Weiss Ratings Inc3. 
 
Over nearly a century of experience, each firm has a well-defined methodology for 
rating life and non-life insurers. They take qualitative and quantitative information into 
account, use proprietary and public information, employ a capital adequacy model, 
assign ratings through a committee process and make comparisons among peer groups 
of insurers. 
 
Moreover, the areas considered vary, i.e. leverage, management stability, recent 
performance and financial situation. External factors such as competition, diversification 
and market presence are also considered.  
 
The S&P methodology4  
S&P looks at about seven broad areas when evaluating an insurer: Business review (i.e. 
industry risk and business position); Management and corporate strategy; Operating 
performance; Investment; Capital adequacy; Liquidity; and Financial flexibility. 
 
a) Business review involves an examination of the industry risk and business 

position. Whilst industry risk refers to the environment in which an insurer 
operates, the business position relates to an insurer’s revenue-generating capacity 
and competitive strengths. It examines competitive strengths and weaknesses, 
legal and functional structures, business mix and diversification, life and non-life, 
segmentation, premium growth rates, total market share of the company, and the 
quality and spread of distribution channels 

 
b) Management and corporate strategy is considered critical by S&P despite the fact 

that it is one of the most subjective areas. They include financial strategy and risk 
management, strategic positioning of the insurer, and operational control and 
skills. It is concerned with how effectively an insurer sets and meets goals.  

 
c) Operating performance relates to how well an insurer translates its fundamental 

advantages into sustainable profit margins. This is examined in two main areas i.e. 
analysis of underwriting performance and overall performance including 
investment, other income and expenses 

 
d) Investment analysis done by S&P is to determine how the investment strategy fits 

with the company's liability profile and the input of investment return on total 
company earnings. This analysis provides an insight into how successful an 
insurer is at generating investment returns and how sustainable these returns are. 

 

                                                
3Sources:  www.info.insure.com, Swiss Re, Sigma No.4/2003, www.thebenefitnetwork.com/insurerratings) 
4 www.standardandpoors.com, Swiss Re, Sigma No.4/2003 
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e) Capital adequacy (capitalization) analysis is categorized into two broad areas: the 
level of capital needed to support the insurance business at a given rating level; 
and the structure and quality of capital. 

 
Indeed the analysis is performed on a risk-based capital model which analyses 
these features and develops a capital adequacy ratio. 

f) Liquidity analysis concentrates on three core areas: underwriting cash flows; total 
operating cash flows; and investment portfolio liquidity. For non-life insurers, S&P 
considers: underwriting cash flows relative to cash outflows (paid losses, paid loss 
expenses, and underwriting expenses); cash flows from investments; the level of 
cash and short-term investments; liquidity needs under potential catastrophe 
scenarios; and out-side sources of liquidity such as bank lines of credit and 
established commercial paper programs. 

 
g) Financial flexibility reflects a comparison between potential needs and available 

sources of liquidity. The analysis in this area is largely qualitative but S&P consider 
the potential need for liquidity or additional capital in the future, assessing 
whether future funding needs can be met or otherwise. 

 
A. M Best Methodology5 
This methodology is very similar between life and non-life business. The evaluations 
are based on a comprehensive qualitative and quantitative analysis of a company’s 
balance sheet strength, operating performance, and business profile. 
a) Balance sheet strength is the most important area to evaluate in determining a 

company’s ability to meet its current and ongoing obligations this includes 
examination of capitalization, leverage (underwriting, financial and asset), and 
liquidity.  

 
For the capitalization, A.M Best uses the Best’s Capital Adequacy Ratio (BCAR) 
which compares a company’s available capital to the net required capital needed 
to support the financial risks to which it is exposed. 
 
A.M Best derives the underwriting leverage from four sources: current premiums 
written, annuity deposits, reinsurance, and loss or policy reserves, and the 
financial leverage through debt or debt-like instruments (including financial 
reinsurance) can strain cash flow and, like underwriting leverage, can create 
financial instability. Besides, the asset leverage reflects the exposure of surplus to 
investment, interest rate, and credit risk. The tests applied are different for life and 
non-life insurers but they aim to give an insight into the strength of the balance 
sheet and the risks inherent in the company's capital position. Besides, the 
analysis includes consideration of the reinsurance arrangements including the 
extent to which risk is transferred, the security of the reinsurance and the state of 
the reinsurance market in general. 
 
Finally, liquidity of the insurer is assessed by reviewing the impact of asset and 
liability cash flows on both normal and stressed scenarios. For life insurers, this 

                                                
5 www.ambest.com/ratings/guide, Swiss Re, Sigma No.4/2003 
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analysis is more detailed than for non-life insurers due to the policyholder options 
sometimes included in life insurance policies. 

b) Operating performance focuses on the stability and sustainability of earnings 
relative to the liabilities a firm retains. Indeed, this methodology reviews the last 
five years of financial performance to assess profitability. Essentially, the analysis 
is done by looking at key areas like underwriting, investments, capital gains/losses 
and total operating earnings (before and after tax).  

 
A.M Best Key Profitability tests for Non-life companies are: Loss Ratio; Expense 
Ratio; Combined Ratio after Policyholder Dividends; Operating Ratio; Pretax 
Return on Revenue; Yield on Invested Assets; Change in Policyholders’ Surplus; 
and Return on Policyholders’ Surplus6. 

c) Market (Business) Profile is considered the most important by A M Best for 
insurers writing long-term business. It reflects the riskiness of a company’s mix of 
business, its competitive market position, and the depth and experience of its 
management. These factors drive current and future operating performance and 
can therefore affect long-term financial strength and the ability to meet 
policyholder obligations. The key issues are revenue composition (including 
revenue from premiums and investment income), management experience and 
objectives, competitive position, spread of risk, and event risk. 

 
Moody's Methodology7 
Moody’s insurance financial strength ratings are opinions about the ability of insurers to 
punctually pay senior policyholder claims and obligations and the assessments are 
forward-looking and done on an ongoing basis. This approach emphasizes qualitative 
analysis since current financial performance is not always an accurate indicator of future 
performance and strength. The qualitative factors Moody’s considers relate to the 
industry as a whole and to the individual firm in question. 
 
See below table showing Moody’s “Top Ten Ratios” for non-life insurance companies 
that is often used in the quantitative analysis8. 
 
Table 1. Moody’s “Top Ten Ratios” for non-life insurers  

Area of analysis    Non-life insurers 
Capital adequacy   Gross underwriting leverage 

Financial and operational leverage  

 

Financial leverage 
Pretax interest coverage, Double 
leverage 

Profitability    Core insurance return on earned 
premium 

Net income return on policyholder’s 
surplus 

                                                
6 Sources: A.M. Best, �Explanation of Best�s rating system and procedures�, for property and casualty companies 
7 www.moodys.com, Swiss Re, Sigma No.4/2003 
8 Sources: Moody�s. Property and Casualty insurance top ten ratios 2004 update, December 2005 
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Asset-liability management  
and liquidity    

Operating cash flow as % of NPW 
 

Business fundamentals    Diversification score, Market presence 
score 

Reserve adequacy    
Loss reserve development 

   
In summary the Moody approach can be categorized into issues of Company franchise 
which looks at the firm’s franchise value (i.e. competitive position, including its market 
presence, brand identity and various aspects of its operations), the strategic focus and 
risk appetite (i.e. review of management's attitude towards future strategies and the 
expectations for growth and profitability), management and corporate governance, 
Institutional support/ownership and organizational structure, and distribution and 
brand. 
 
The final categorization is financial analysis which includes the analysis of Profitability, 
Investment risk and asset quality (i.e. by considering credit risk, interest rate risk and 
foreign exchange risk relative to the insurer's liabilities, including the concentration of 
risk and the marketability of assets), solvency and capitalization9, financial leverage, and 
reinsurance and liabilities, underwriting and reserves. 
 
For life insurers, Moody's scrutinize the strength of the actuarial assumptions and the 
liability structure of the insurer including any options and the degree to which they are 
consumer confidence or interest-rate sensitive. This evaluates the premium rate 
monitoring and underwriting process. 
 
Fitch (formerly Duff & Phelps) Methodology10 
A Fitch Ratings Insurer Financial Strength Rating (IFS Rating) provides an opinion as to 
the financial strength of an insurance organization, and its financial capacity to meet 
obligations to policyholders and contract holders on a timely basis. IFS ratings are used 
primarily by individuals and companies that purchase insurance, as well as their agents 
or brokers, to help judge if the insurance carrier is financially sound. The IFS rating is 
an international-scale rating, and incorporates relevant economic and political risks that 
could impair an insurance organization's capacity to meet its obligations.  
 
The IFS Rating is based on a comprehensive analysis of relevant factors that in large 
part determine an insurance organization's financial strength, including its regulatory 
solvency characteristics, liquidity, operating performance, financial flexibility, balance 
sheet strength, management quality, competitive positioning and long-term business 
viability.  
 
Weiss Ratings Inc Methodology11 

                                                
9
 This is one of the critical parts of the analysis and focuses on the free capital that is available to cover 

the obligations.  
10 www.fitchrating.com (May 2007) 
11 www.weissrationg.com (May, 2007),The Weiss Approach to Insurance Company Safety Ratings (2003) 
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Weiss Ratings are based on their analysts' review of publicly available information 
collected by the National Association of Insurance Commissioners (NAIC), and 
supplemented by data collected directly from the companies themselves. Unlike the 
other major rating agencies, Weiss does not accept compensation from the companies it 
rates, and thus does not allow companies to influence the ratings they receive or to 
suppress the release of their ratings.  
The main components of the rating system are summarized in the following indexes: 

a) Capitalization Index: This index answers the basic questions: What risks are the 
company taking and how much of its own capital resources does it have to 
cover any losses? 

b) Reserve Adequacy Index (P&C only): This index determines the adequacy of a 
company’s reserves and how accurately it anticipates the level of claims it will 
receive each year. 

c) Profitability Index includes the gain or loss on operations by line of business; 
consistency of operating results; impact of operating results on surplus; 
adequacy of investment income as compared to the needs of policy reserves; 
and industry average expenses, based on number and type of policies written 
and renewed, to actual company expenses. 

d) Liquidity Index evaluates a company’s ability to raise the necessary cash to 
settle claims and honor cash withdrawal obligations. Various cash flow 
scenarios are modeled to determine how the company might fare in the event 
of a spike in claims or a run on policy surrenders. 

e) Investment Safety Index (L&H and Health only) gauges each company’s 
exposure to: bond and mortgage defaults; market value declines; and changes 
in interest rates. 

f) Stability Index includes factors such as: 
I. risk diversification in terms of company size, number of policies in 

force, and other items related to spread of risk, 
II. deterioration of operations as reported in critical asset, liability, 

income or expense items such as surrender rates, premium volume, 
etc., 

III. former problem areas where there may have been recent 
improvement but where the company is yet to establish a record of 
stable performance in those areas over a suitable period of time, 
generally three to five years, 

IV. factors which identify a substantial shift in the company’s operations, 
V. factors which identify potential instabilities not included in other 

indexes, such as reinsurance quality, asset/liability matching and 
sources of capital, 

VI. relationships to holding companies and affiliates, 
VII. plus other technical factors related to stability and change. 

 

 
2.2 Other Evaluation Methodologies and the CARAMEL Framework 

Evaluation of insurers (e.g. the financial condition) is a primary goal of 
regulators, investors, and insurer management. Each group is interested in a 
different aspect: Regulators must ascertain a company’s ability to operate and 
meet its obligations while investors and insurer management are interested in a 
company’s long term growth and profit potential (Grace and Barth, 1993). 
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To date, evaluating insurers has been one of the critical activities of regulators 
globally, so, they have developed and adopted several tools and methods for the 
evaluation. The methods range from quantitative and qualitative tools and 
sometimes depend on rating agencies (, Swiss Re, Sigma No.4/2003). 

 
To maintain efficient, fair, safe and stable insurance markets for the benefit and 
protection of policyholders, the evaluation methods of regulators has 
emphasized on the financial condition of insurers. According to Grace and Barth 
(1993), the most systematic methods used has been to categorize insurers into 
two groups: (1) those now insolvent or potentially insolvent within a short 
period of time and (2) all others. They are interested in how much capital 
insurers have to buttress the risk inherent in their investments and operations. 
Monitoring the solvency of insurers is one of the prime concerns of insurance 
supervisors. For instance, European regulators initially created solvency 
requirements as quick and easy measures to identify undercapitalized companies 
before they got into trouble. However, these standards were necessarily based 
on industry averages, and some companies ran the risk of wrongly appearing to 
hold inadequate capital because the particular risk characteristics of their 
business meant that the standard factors were inappropriate. In addition, the 
required capital indicated by the calculations was unlikely to be appropriate for 
the risks borne by individual insurance companies, since it was based on 
premium written or claims incurred, not on claim reserves. Currently, regulators 
envisage Solvency II measures which are much more sophisticated, dealing with 
capital requirements for each of the solvency risk sources (see e.g. Collins, et 
al.2007 Grace and Barth, 1993).  
 
Sterling (2000) in his update of Insurance Regulation and Supervision in OECD 
countries, Asian Economies, Latin-American Countries and CEEC and NIS 
Countries, recommended that supervisors must have a close eye on the capital 
resources (solvency), the formation of technical provisions, and the existence of 
assets (investments) necessary to meet the insured liabilities when evaluating 
insurers.  
 
In the US, National Association of Insurance Commissioners run the Insurance 
Regulatory Information System (IRIS), a database designed to provide 
information about insurers' financial solvency. IRIS uses the financial statements 
of the insurer to calculate a series of financial ratios, which are then taken as a 
measure of the insurer's overall financial condition. The system acts as an early-
warning protection, which aids state insurance departments to pick out those 
companies that show financial problems. 
 
 
It is clear from the above discussions that in many jurisdictions, the regulators 
evaluate the insurers from the financial report usually the annual accounts 
(balance sheet, profit and loss accounts, and additional notes), an annual 
statement of the solvency margin, and statements concerning premium income 
due, losses, reserves, assets etc. submitted periodically.  
 

86



 10

Generally, the evaluation methods include Ratio Analysis, Historical Trend 
Analysis, and Linear Regression Analysis using software tools, Judgmental 
Forecasting and Cause and Effect Analysis12. The most commonly used tool is the 
ratio analysis. It informs the overall assessment of the insurer by the supervisor. 
Essentially, ratios of this type may serve four particular purposes for the 
insurance supervisor (Thorburn, 2004): 
• as part of the analysis of financial returns within the supervisory process 
• as an ‘early warning system’ (i.e. the trends and levels of ratios) 
• as part of “Risk Based Supervision”: 
• to enable the compliance with requirements of the laws and 

regulations to be assessed. 
 

Figure 1: A diagrammatic representation of the role of Ratio analysis in 
Evaluating Insurers 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
Source: Thorburn (2004) 
 
 
Indeed, all evaluating frameworks use ratios in assessing the financial soundness 
of insurers. The CARAMEL framework proposed by Das et al. (2003) is not an 
exception. They argue the selected indicators within the CARAMELS framework, 
adds the Actuarial and Reinsurance issues to the CAMELS (Capital adequacy, 
Asset quality, Management soundness, Earnings and profitability, Liquidity, and 
Sensitivity to market risk) used by the banks to capture some aspects of the 
systems important for financial stability. 
 
This framework was developed taking into account the Insurance Core Principles 
(see IAIS, 2000) and: The analytical significance; Achieving substantial 
information content with a limited number of indicators; Availability of data; and 

                                                
12 In Ghana the analysis methods are Trend analysis, Ratio analysis and Analytical review (Source: NIC 
Supervision Dept. June 2007) 

Financial Returns from 
insurers (ICP 12) 

Reports on market 
analysis (ICP 11) 

Ratio Analysis 
(ICP 12) 

Other 
Qualitative 
Aanalysis (ICP 

)

Supervisory 
conclusions (ICP 4) 
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The relevance in most circumstances (i.e., not specific for a given country or line 
of business). 
 
Thorburn (2004) observed from the world bank perspective  that, the main areas 
of evaluating insurers are: Business Volumes and Trends; Reinsurance; 
Profitability – Level, Quality And Source; Technical Provisions; Assets; Solvency 
And Capital; The View Of Other stakeholder (i.e. investors).     
 
What’s more, Chen and Wong (2004) argue the issues to be considered may be 
grouped into firm specific and market/economic factors. They added the firm 
specific factors which is associated with general (non-life) insurers cover mainly: 
firm size; age of the company; premium growth; investment performance; 
underwriting results (operating margin); expense; loss reserves; realized and 
unrealized capital gains; growth rate of surplus; liquidity, and reinsurance 
recoveries. However, they concluded that the main areas of concern are 
liquidity, profitability and capacity. 

2.3 Comparison of the Evaluating Methodologies: Common Practices and 
Differences 
On the rating firms, each firm has a well-defined methodology for rating life and 
non-life insurers. These approaches share much in common. This is due in part 
to competitive dynamics, whereby firms can imitate the useful innovations of 
their competitors. It also reflects the cross-fertilization that occurs as people 
move from firm to firm. The way insurers are rated follows a long-standing 
approach that, though still evolving, it is rooted in decades of institutional 
experience. One common feature among the rating firms is that they consider a 
combination of quantitative and qualitative factors. Here are some of other 
common practices: 

 
Each of the firms uses an elaborate model to assess the capital adequacy of 
insurers. This capital adequacy model is one of several measures that rating firms 
consult when judging capital adequacy. Together with the regulator’s capital 
adequacy model and other financial ratios, it helps flag potential problems 

 
Furthermore, when possible, the rating firms collect supplementary information 
from management to use in conjunction with publicly available regulatory and 
accounting data. Although it is possible to create a rating based just on public 
information, this supplementary information increases the precision and 
confidence behind a rating. 

 
Besides, each of the firms assigns a lead analyst responsibility for recommending 
a particular rating. These ratings are reviewed by a committee of seasoned 
colleagues who debate the pros and cons of the viewpoint propounded and 
then vote on a rating. 
 
On the other frameworks, an examination of the popular areas and ratios of 
concern in the evaluation of insurers discussed above show that, the frameworks 
have common issues although some variables in the indicators are different (e.g. 
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using claims incurred or net claims and so on). Some of the areas of similarity 
are profitability, asset quality and capital.  
 
However, one area significantly missing in the other frameworks apart from 
CARAMEL is the issue of management soundness.  Das et al., (2003) argue sound 
management is vital in the assessment of the financial strength of an entity, it is crucial 
for financial stability of insurers, though it is very difficult, to find any direct 
quantitative measure of management soundness. They added, unsound efficiency 
indicators could flag potential problems in key areas, including the management 
of technical and investment risks. 
 
Actuarial issues is another area missing. The core set suggests the use of the ratio called 
survival ratio (net technical reserves to net claims paid in the last three years) for non-
life insurance. This indicator may be viewed as showing the quality of the company�s 
estimate of the value of the reported and outstanding claim.  
 
See on the table A in the appendix showing a comparison of ratios from some 
of popular frameworks discussed above. 
 
 

 
3 Data Collection  

To appreciate the research issues raised in the study and to place the relevant 
literature in context as well as generalize the study to some extent, a thorough 
review of secondary data was made. Besides, resource persons from the National 
Insurance Commission (NIC) were interviewed to expatiate on the activities and 
the evaluation processes of the non-life insurers in Ghana.  
 
Out of the eighteen (18) non-life insurers and two (2) reinsurers in Ghana, as at 
31st December, 2006, the annual reports of eight (8) of the insurers and one (1) 
reinsurer were purposively selected for the study (i.e. examine the adequacy of 
information supplied by the reports for purposes of evaluating insurers) and 
interviewed. In addition, the annual reports of the the National Insurance 
Commission (NIC), the supervisory body were examined over a five (5) year (i.e. 
2001 to 2005) period.   
 
On the evaluation of the insurers, the researchers obtained the secondary data 
on the financial analysis of the NIC, including the supervisory process with 
emphasis on the quantitative analysis. 
 

 
4 Discussion of Findings 

In Ghana, apart from the internal evaluation by insurers themselves, the 
regulatory and supervisory body known as the National Insurance Commission 
(NIC) has the sole responsibility of evaluating insurers. Established as an 
autonomous body by the Insurance Law, 1989(PNDCL.227), the objective of the 
Commission is to ensure effective administration, supervision, regulation and 
control of the business of insurance in Ghana. 
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The NIC seeks to achieve the above objective by embarking on the following: 
• Ensuring strict compliance with the provisions of the Insurance Law and 

Regulations 
and any other enactment relating to insurance. 

• Registering insurers and insurance intermediaries who transact insurance 
business in Ghana. 

• Establishing standards for the conduct of insurance business for compliance 
by insurers and insurance intermediaries. 

• Approving rates of insurance premiums and commissions in respect of all 
classes of insurance. 

• Protecting insurance policyholders, insurance beneficiaries and third parties 
to any insurance contract. 

• Approving standards, conditions and warranties to be applicable to 
insurance. 

• Providing a bureau to which complaints may be submitted by members of 
the public. 

• Settling such insurance claims as may be referred to it by parties to any 
insurance contract. 

• Ensuring adequate insurance protection and security for national strategic 
assets and properties. 

• Formulating proposals for the promotion of sound and efficient insurance 
market in the country. 

• Supervising and controlling transactions between local insurers and their 
reinsurers abroad. 

• Undertaking sustained and methodical public education on the insurance 
business in general. 

• Generally discharging such other functions as are necessary or incidental to 
the above functions. 

 
To enable NIC carry out the above functions and realize its aims and objectives, 
it collaborates with international organizations such as the International 
Association of Insurance Supervisors (IAIS), the African Insurance Organization 
(AIO), the West African Insurance Companies Association (WAICA), and the 
West African Insurance Institute (WAII). 

 
As insurance supervisors, NIC’s main aim is to build and maintain public 
confidence in the insurance industry by working to ensure that policyholders are 
fairly treated in accordance with the terms and conditions of insurance contracts 
and that insurers operating in the Ghanaian market are financially solvent and 
capable of delivering on their promises to policyholders. 
 
The resource person interviewed at NIC observed that it is the responsibility of 
the supervision department of the NIC to evaluate insurers to ensure that they 
are all financially solvent. 
 
He explained that, the supervisory processes include five (5) main steps; 
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1. Financial Returns from the insurers,  
2. Market Analysis Report,  
3. Ratio Analysis and Assessment,  
4. Other Qualitative Analysis and Assessment, and  
5. Supervisory Conclusions and others steps where necessary.  
 

He intimated that the main tools used by the department in evaluating insurer in 
Ghana are trend analysis, ratio analysis and analytical reviews. Asked of other 
tools like Linear Regression Analysis using software tools, Judgmental 
Forecasting and Cause and Effect Analysis, he claimed the NIC is aware but think 
what they are currently using is simple and understandable. 
  
On the evaluation of insurers, he observed that, the critical areas of evaluating 
the insurers are: Operational efficiency; Profitability; Solvency; Capital adequacy; 
Liquidity; Quality of assets; and Quality and adequacy of investment. Moreover, 
an examination of NIC’s annual report showed that reinsurance (retention) is 
considered critical though not cited. 
 
Supporting the above, the researchers were provided with the following list of 
ratios used in evaluating insurers (see table 2): 
 
 
 
 
Table 2. List of insurer evaluating ratios used by NIC 

Claims ratio Claims Incurred/ Gross Premiums     
Expense ratio Management Expenses/  Gross Premiums   
Combined ratio  Claims Ratio + Expense Ratio 
Operating ratio  Claims ratio + Expense ratio – Investment 

ratio 
Outstanding premiums Ratio Outstanding P/Gross Premiums 
Return on equity Net Profit after tax/Shareholders Funds 
Return on assets Net Profit before interest & tax /Total 

Assets 
Retention Ratios Net premiums /Gross Premiums 
Return on investments Investment income/ total investments 
Investments income to 
premiums ratio 

Investments income /Gross premiums 

Investments to total assets ratio  Investments / total assets ratio 
Gross premium to equity ratio  Gross premium / Shareholders’ Funds    
Net premium to equity ratio13 Net premium / Shareholders’ Funds    
Capital to liabilities ratio Shareholders’ Funds/Total Liabilities 
 
 
Source: NIC Supervision Dept. (May, 2007) 
 

                                                
13 This ratio was not among the list of ratios provided but was identified in the NIC annual report. 
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Based on the ratios provided, we inquired if the Commission has heard of the 
CARAMEL framework, the resource person answered in the affirmative. 
However, an examination of the annual reports of the National Insurance 
Commission (NIC) showed that, the management soundness component of 
CARAMEL was absent. Furthermore, nothing was on measuring the actuarial issues, 
and liquidity. For the earning and profitability indicators, the NIC uses gross premiums 
as denominator in computing the loss and expense ratios instead of net premiums 
earned and net premiums income respectively. A follow up interview revealed that 
insurers’ liquidity positions are determined for internal use by the NIC only. 
 
From the perspective of insurers on the extent to which the CARAMEL is used 
internally by insurers revealed that 37.5% of the respondents rated Capital 
adequacy first the rest except (one no response) rated it 5th and 6th respectively. 

 
25% rated Asset quality first, 12.5% for Reinsurance and Actuarial issues, Liquidity 
and Earning and profitability. However, none rated Management soundness first. 
The closet is 3rd by 25% of the respondents.  
 
Considering all the mean scores of responses, Liquidity has the lowest score (i.e. 
ranked favorably) meaning it is the most widely used. Management soundness is 
however the less used in the Ghanaian insurance market. This is shown in table 
3 below 
 
 
Table 3. Mean Scores of the Use of CARAMEL by insurers internally  

 
Source: Research Data 
 
 

5 Conclusions and Recommendations 
 

The evaluation tool in use by NIC in the assessment of insurers in Ghana 
excludes management soundness and actuarial issues proposed under the 
CARAMEL. The closest to management soundness is the ratio of investment 
income to investment which according to (IAIS) is useful for life business 
insurance due to its long-term orientation.  

 1.00 6.00 3.5714 2.4398

 1.00 6.00 3.2857 2.1381

 1.00 6.00 3.5714 1.7182

 3.00 5.00 3.8333 .7528

 1.00 6.00 3.1250 1.7269

 1.00 5.00 2.5714 1.2724

Capital adequacy 
Asset quality 
Re - insurance and 
Actuarial issues 
Management soundness 
Earning and profitability 
Liquidity 

 Minimum Maximum Mean Std. Deviation
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Actuarial issues is another area missing. The core set suggests the use of the ratio 
called survival ratio (net technical reserves to net claims paid in the last three 
years) for non-life insurance. This indicator may be viewed as showing the 
quality of the company’s estimate of the value of the reported and outstanding 
claim.  

 
Furthermore, the use of gross premiums as denominator for loss and expense 
ratios does not show the true condition since net premium is the amount 
available for use by the insurers. Moreover, it appears insurers in Ghana depend 
too much on reinsurance. The consequences may be ruinous when for instance 
the reinsurer fails. Moreover, they are exposed to underwriting, investment and 
liquidity risks. This is evidenced first by the non- commensurate increase in 
capital and net premium income. Secondly, the low returns on investments 
suggest investment risks. Additionally, the insurers mostly show favorable net 
commission balance indicating that they pay less to their agents and brokers. 
This has a high likelihood of influencing especially brokers to keep premiums 
collected for investments before it is paid to the insurers. This consequently 
affects the liquidity position of the insurers. 

 
In light of the above, NIC needs to be alert to relevant developments within 
other global fora, particularly risk-based, supervisory developments in other 
financial sectors such as the banks. It must exploit its monitoring, supervisory and 
regulatory potentials to the fullest However, there is a strong need to reflect the 
particular nature of insurance, and the specific risks associated with it.   
 
It must consider issues developed by IAIS in addressing aspects of insurer 
solvency, based on the Insurance core principles and methodology (October 
2003) and the Principles on capital adequacy and solvency (January 2002).  

 
Furthermore, it must pay attention to the three groups of supervision issues: 
financial issues (solvency and capital adequacy, valuation and adequacy of 
technical provisions, forms of capital, investments, and financial reporting and 
disclosure), governance issues (the Board, directors, senior management and 
other organisational aspects; fit and proper testing of directors and management; 
administrative, organisational and internal controls, including risk management; 
compliance with legislative requirements; shareholder relationships; and the 
governance risks posed by group structures), and market conduct issues.  
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Information Content of Options Trading Volume for Future 
Volatility: Evidence from the Taiwan Options Market 

Chuang-Chang Chang, Pei-Fang Hsieh and Yaw-Huei Wang∗ 

Abstract 

This study follows the approach of Ni, Pan and Poteshman (2007) – based upon the 

vega-weighted net demand for volatility – to determine whether volatility information 

exists within the Taiwan options market. On a market aggregation basis, the volatility 

demand compiled from the overall, close, strangle and options/futures trading volume 

provides some degree of predictive power for future realized volatility within the 

TAIEX, while we find no evidence to support the predictive ability of the volatility 

demand from straddle trades, despite the widespread acknowledgement that such 

trades are sensitive to volatility. From an exploration of the trading volume for various 

categories of traders, we find that different categories of traders use different trading 

strategies to realize their volatility information. In particular, the strongest and most 

direct prediction is made by the volatility demand from foreign institutional traders 

compiled from the delta-neutral options/futures trades. 
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 2

1. Introduction 

As the data on derivatives trading becomes more readily accessible, a growing body of 

literature has begun to emerge in which the focus is being placed upon the information 

content of derivatives trading with regard to the future dynamics of the underlying 

asset prices. The focus in the majority of these studies has tended to be placed on the 

predictive potential of option-implied information on the direction, volatility or density 

of the underlying asset price.1  

 Some studies explore the aggregate option trading volume, as opposed to using 

option implied information, finding that this approach provides useful information for 

predicting the direction of the underlying asset price.2 For example, using datasets 

containing comprehensive transaction records, Pan and Poteshman (2006) and Chang, 

Hsieh and Lai (2008) show that the transactions of different categories of option traders 

reveal varying degrees of directional information, whilst Ni, Pan and Potehman (2007) 

find that the trading volume of non-market makers contains volatility information.  

 To the best of our knowledge, no study has yet utilized the complete transaction 

records of an options market to investigate which category of option traders (domestic 

institutional traders, foreign institutional traders or individuals) possess volatility 

information.3 Our study contributes to the extant literature by filling this gap through 

the empirical analysis of a unique dataset which includes the complete history of all 

transactions and orders for options and futures written on the Taiwan Stock Exchange 

Capitalization Weighted Stock Index (TAIEX).4 The motivation for our examination 

                                                 
1   See Canina and Figlewski (1993), Jorion (1995), Fleming (1998), Blair, Poon and Taylor (2001), Poon 
and Granger (2003), Pong, Shackleton, Taylor and Xu (2004), Jiang and Tian (2005) and Doran, Peterson 
and Tarrant (2007).  
2   The most recent references include Chan, Chung and Fong (2002), Chakravarty, Gulen and Mayhew 
(2004) and Cao, Chen and Griffin (2005). 
3   Despite investigating all CBOE-listed options, Ni et al. (2007) were only able to identity whether or 
not a transaction was executed by a market maker.    
4   This dataset comprises of the complete records for every transaction and order. In particular, the artificial 
investor identity number contained within every record reveals the category in which the transaction or order 
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of the Taiwan market comes not only from its institutional background, but also from 

the investigation of this market in numerous prior studies.  

 According to the survey of the World Federation of Exchanges, by 2007, the 

Taiwan Stock Exchange had become one of the major exchanges in all of the emerging 

markets, with the exchange being ranked 21st in the world in terms of market 

capitalization, and 17th in the world in terms of trading volume. Furthermore, during 

the same year, TAIEX options and futures were respectively ranked 4th and 14th most 

frequently traded index options on a global scale.  

 Barber, Lee, Liu and Odean (2006) and Chang et al. (2008) demonstrate that the 

Taiwan capital market is largely influenced by inflows from foreign institutional 

investors, who reportedly earn money in the Taiwan stock market, and possess 

directional information in the Taiwan option market.5 It therefore seems quite natural 

to ask whether foreign institutional investors in the Taiwan options market also possess 

such information with regard to volatility. 

 Our unique dataset facilitates the identification of all kinds of trading strategies. 

As regards vanilla option transactions, in addition to the aggregate trading volume, we 

also generate the volume of trades undertaken to open new positions and those 

undertaken to close existing positions, since this is believed to carry different 

information content from aggregate volume (Pan and Poteshman, 2006). In addition to 

vanilla option trades, combinations of trading strategies, based upon expectations of 

volatility, should potentially contain abundant information on future volatility.6  

                                                                                                                                             
trader belongs. Moreover, if a transaction or order is part of a combination trade including straddle, strangle, 
money spread, calendar spread and conversion/reversals, it can be clearly identified with the type.      
5   Barber et al. (2006) find that only foreign institutional investors earn money in the Taiwan stock 
market, whilst Chang et al. (2008) find that only foreign institutional investors’ trade contain information 
in the Taiwan options market. Referring to the Taiwan Futures Exchange (TAIFEX) reports, they also find 
that only market makers and foreign institutional investors earn money in the Taiwan option market. 
6   As suggested by Chaput and Ederington (2005), a volatility trading strategy should have a low delta, a 
high gamma, a high vega, and low transaction costs. Chaput and Ederington (2003) show that the trading 
volume of combination trades, such as straddle and strangle trades are very sensitive to volatility changes. 
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 We generate the trading volume of those strategies that are generally recognized as 

volatility trades, such as straddle and strangle, and also follow Chaput and Ederington 

(2005) to construct an additional volatility-sensitive trade, comprising of a combination 

of options and futures trades with an almost neutral delta and a non-zero gamma and 

vega. We also use trading volume for certain other popular combination trading 

strategies, including money spread and calendar spread, for the purpose of comparison.  

 Following Ni et al. (2007), we convert eight types of trading volume for market 

aggregation and for each category of option traders into the vega-weighted demand for 

volatility, which then represents our information variable.7 Our empirical findings 

indicate, from a market-aggregation perspective, that the volatility demand compiled 

from the overall, close, strangle and options/futures trading volumes provides some 

degree of predictive power for future realized volatility in the TAIEX.  

 An examination of the trading volume for various categories of traders shows that 

different categories of traders use different trading strategies to realize their volatility 

information. Individuals will tend to trade on their volatility information by using 

strangle trades, whilst institutional traders will tend to execute options/futures trades. In 

particular, the strongest and most direct prediction is made by the volatility demand from 

foreign institutional traders compiled from the delta-neutral options/futures trades, which 

are believed to be a more appropriate proxy for volatility trades. Surprisingly, we find no 

evidence to suggest any predictive ability from the volatility demand of straddle trades, 

despite the widespread acknowledgement of such trades being sensitive to volatility. 

 The remainder of this paper is organized as follows. Section 2 presents and 

develops our empirical methodology, followed in Section 3 by the presentation of the 

data used for our empirical investigation. The empirical results of this study are 

                                                 
7   The details of the construction of this measure are provided in Section 2. 
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provided in Section 4, followed in Section 5 by a discussion and a check for robustness. 

Finally, the conclusions drawn from this study are presented in Section 6. 

2.  Empirical Methodology 

We begin, in this section, by describing the construction of the variable that will 

represent the information released by the trading volume of various types of trades 

executed by all traders, and by various categories of traders. We then go on to specify 

the empirical model used to test the information content of option trades for the 

prediction of future volatility.     

2.1 Information Variables 

We adopt the vega-weighted net demand for volatility, as proposed by Ni et al. (2007), 

to measure the quantity of information released by the trading volume. The volatility 

demand at time t is defined as: 
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where Ct
K,T

 and Pt
K,T

 respectively denote the prices of the call and put with strike price 

K and maturity T; σt is the volatility of the underlying asset; BuyCallt
K,T

 and SellCallt
K,T

 

respectively represent the numbers of bought and sold call contracts with strike price K 

and maturity T, and similarly BuyPutt
K,T

 and SellPutt
K,T

 respectively represent the 

numbers of bought and sold put contracts. 

 If informed investors realize their volatility information on the underlying asset 

within the option market, we can observe the change in volatility demand caused by 

the variation in options trading volume. As the vega measures the sensitivity of an 
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option price with regard to volatility, and is positive for both call and put options, the 

volatility demand will increase (decrease) with long (short) calls or puts.  

 Since options with different time-to-expiration or strike prices have different 

vegas, the different positions of trading volume are weighed across time-to-expiration 

and strike prices with their corresponding vegas to construct the volatility demand.8 

Following Ni et al. (2007), we approximate t
TK

tC σ∂∂ /ln ,  and t
TK

tP σ∂∂ /ln ,  using 

the Black-Scholes respective call and put vegas, as follows: 
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 In calculating the vegas, we follow Parkinson (1980) to estimate the volatility of 

the underlying asset at time t using the following formula: 

( )
)2ln(4

ˆ 2 tt
t

LH −
≡σ                            (3) 

where Ht and Lt are the highest and lowest prices at time t.  

 We then take the historical 60-trading-day average as the volatility input to 

mitigate the estimation noise. 

2.2 Model Specifications 

If an informed investor does indeed bring private information on future volatility into 

the options market, then we could expect the net demand for volatility to be positively 

related to the future volatility of the underlying asset. The empirical model is specified 

as follows: 

11 −−− ⋅+⋅+⋅+= ttjtt IVRVDRV φγβα σ                
(4)

 

                                                 
8   We exclude those options with a time to expiration of less than five days so as to avoid the impact of 
the liquidity problem imposed on very short-term contracts. 
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,321 tjtjtjt ADINVOPV ελλλ +⋅+⋅+⋅+ −−−  

where RVt , which denotes the realized volatility of the underlying asset on day t, is 

defined as the difference of the intraday highest and lowest prices divided by the 

closing price.9  

 We consider several control variables, each of which may have some influence on 

the prediction of volatility; RVt –1 is the one-day lagged realized volatility used to 

control for volatility clustering, whilst IVt –1 is the average implied volatility of the 

(nearest) at-the-money call and put options with the shortest maturity (of at least five 

trading days) on day t –1, which is generally found to be the best predictor for future 

volatility. The remaining variables are related to 
σ

jtD − , the net demand for volatility at 

day t – j. OPVt – j refers to the number of options contracts on day t – j ; and INVt – j is the 

logarithmic trading volume of the underlying asset on day t – j.  

 In addition to trading on volatility information, informed traders may also tend to 

trade on directional information in the options market (Pan and Poteshman, 2006; 

Chang et al., 2008). We therefore control for the potential impact of directional 

information trades on future volatility through the variable ADt – j , which is the absolute 

difference between the sum of the delta-weighted long volume and the sum of the 

delta-weighted short volume at time t – j , with the delta being computed in a similar 

way to the Black-Scholes vega.  

 The regression is estimated separately for different values of j , from 1 to 5, in 

order to investigate whether the net demand for volatility can predict the j-day ahead 

realized volatility. If informed traders do trade on their volatility information in the 

options market, we would expect the coefficient β to be positively significant in some 

                                                 
9   Using the same realized volatility measure, the results of Alizadeh, Brandt and Diebold (2002) were 
found to be robust to several alternative definitions of realized volatility.  
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of the j-day ahead predictive regressions.  

3.  Data 

The data used in this paper are obtained from the Taiwan Futures Exchange (TAIFEX). 

Our dataset comprises of the complete history of all transaction and order records for 

TAIEX options and futures covering the period from 21 December 2001 to 24 

December 2005. Each transaction or order record includes details on the trader account 

number, trader category indicator, strategy type, price, quantity, buy-sell indicator, 

product type, strike price and time-to-expiration.  

 The TAIEX spot index closing prices, returns and volume are collected from the 

Taiwan Economic Journal (TEJ) database covering the period from December 2001 to 

December 2005. We use the value-weighted average of NT$ deposits interest rates in 

domestic banks, compiled by the Central Bank of Taiwan, as a proxy for the risk-free 

rate.  

 Following the classifications provided by Chang et al. (2008) and disregarding 

the transactions of market makers,10 we filter the daily options trading volume of 

non-market makers into four types of trades, open-buy (buying calls or puts to open 

new positions), open-sell (selling calls or puts to open new positions), close-buy 

(buying calls or puts to close existing short positions), and close-sell (selling calls or 

puts to close existing long positions), to calculate the demand for volatility from open- 

and close-option volume. 

 As the margin requirements for combination strategies differ from those of 

naked-position trades, the TAIFEX identifies and records four types of combination 

trades, straddle, strangle, money spread and calendar spread.11 The straddle and 

                                                 
10  Market makers, who are the liquidity providers, are generally believed to posses no information.  
11  The TAIFEX also identifies and records conversion and reversal trades; however, as the volume of 
such trades is very small, and since foreign institutional traders in particular seldom execute these two 
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strangle trades are commonly regarded as trades which are sensitive to volatility,12 

whilst the money and calendar spreads are less sensitive to volatility.  

 As suggested by Chaput and Ederington (2005), the options/futures combination 

with a neutral delta is also a significant source of volatility trades; thus, we also 

identify this type of combination trade for the calculation of the volatility demand.13 

The volatility demand from these combination trades is calculated not only for the 

market aggregation, but also for the three main investor categories. 

 The summary statistics of the common variables, RV, IV and INV are presented in 

Table 1a, whilst those of the option-volume variables, Dσ
, AD and OPV, for various 

trading strategies, are presented in Table 1b. Consistent with the general findings 

within the extant literature, implied volatility (IV ) is, on average, close to realized 

volatility (RV), albeit slightly higher, with the former being more stable over time than 

the latter. Both RV and IV are positively skewed, and the average logarithm of the 

daily index trading volume (INV) is 15.08, with volatility of 0.37. 

<Tables 1a and 1b are inserted about here> 

 The vega-weighted non-market maker net demand for volatility (Dσ
) from overall 

trading volume has a mean value of 13,685.92, which indicates that, on average, 

non-market makers have long-volatility positions. The volatility demand from open 

volume has a more positive mean than overall volume, whilst it is negative for close 

volume, which indicates that non-market makers generally open new long-volatility 

positions whilst selling to close their existing positions.  

 On average, straddle and strangle trades have a negative net demand for volatility, 

                                                                                                                                             
strategies, we exclude them from our study. 
12  As compared to Ni et al. (2007), who constructed the demand for volatility from options volume which 
may or not have been part of straddle trades, our definition of straddle trades is more accurate.  
13  To construct the delta-neutral combinations, we examine the daily open interest for each trader in 
TAIEX futures and options. Assuming traders are delta-neutral at the beginning of each trading day, we 
only need to calculate the sum of the open interest at the end of the trading day. The delta-neutral 
combinations must have a non-zero gamma and vega.  
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whilst delta-neutral options/futures trades exhibit strongly positive volatility demand. 

Conversely, the trading volume from those trades that are less sensitive to volatility, 

such as money spread and calendar spread, show no obvious positive or negative 

demand for volatility; the magnitudes of their mean levels are comparatively small. In 

general, the standard deviations of the volatility demand from all types of trading 

volume are very large; it is therefore necessary to further dynamically investigate the 

sources of volatility information.   

 The mean levels of the absolute values of the delta-weighted sum (AD) are: 

overall options (2,609.57), open options (4,171.08) and close options (4,710.98), 

whilst the mean levels of the option volume (OPV) are: overall contracts (149,664), 

open contracts (83,543) and close contracts (66,120). According to the ADs and OPVs 

of various combination trades, we find that the options/futures combination is the most 

active combination trade, with a daily mean level of options contract trading volume of 

42,630. 

 Table 2 reports the summary statistics of the option-volume variables for the 

categories of alternative traders. We find that domestic institutional traders generally 

take up short positions in volatility demand, since their straddle, strangle and 

options/futures trades have negative values of net volatility demand. They tend to open 

new short positions and close them by longing their volatility trades, which indicates 

that domestic institutional traders are, in general, suppliers of volatility trades.  

 Conversely, foreign institutional traders are essentially demanders of volatility 

trades, since their straddle, strangle and options/futures trades display obvious positive 

demand for volatility. Interestingly, the various trading strategies of individual traders 

reveal mixed results in the demand for volatility. Their straddle and strangle trades 

show negative volatility demand, whereas their options/futures trades indicate positive 
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demand for volatility. 

<Table 2 is inserted about here> 

 Observing the OPVs across different categories of traders, we find that individual 

traders are the main non-market maker participants in the TAIEX index options market, 

as regards both market aggregation and volatility-sensitive trades, such as straddle, 

strangle and options/futures trades. By contrast, foreign institutional traders have the 

smallest number of trades, with an average of just 438 contracts of option/future trades 

during each trading day. 

4.  Empirical Results 

In this section, prior to investigating which traders possess volatility information, we 

first explore the information content of the volatility demand from alternative vanilla 

option trades, and then from alternative combination trades on a market-aggregation 

basis. To attempt to answer our main research question, we further examine the 

volatility forecasting ability of the volatility demand compiled from the alternative 

vanilla option trades and various combination trades for the different categories of 

traders. Finally, we provide some discussion of our empirical results, along with a 

check for robustness. 

4.1 Information Content of Market Aggregate Trading Volume 

Table 3 reports the estimation results of the prediction regression (Equation 4) for 

overall volume (Panel A), open volume (Panel B) and close volume (Panel C). If the 

option trading volume contains information on future volatility, we should observe a 

significantly positive coefficient of Dσ
. Although we essentially focus on one-day- 

ahead prediction, the lag period for certain independent variables, including Dσ
, which 

ranges from 1 to 5, captures the potential forecasting power of volatility demand for 

future realized volatility in the TAIEX.  
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 In terms of overall options volume, we find that the volatility demand contains 

significant volatility information for one-day- and five-day-ahead realized volatility at 

respective significance levels of below 5 per cent and 10 per cent. However, when 

separating the overall net demand for volatility into two groups, open and close 

volume, although some of the prior studies, such as Pan and Poteshman (2006), 

suggest that open volume may be more informative than either overall volume or close 

volume, we find that the influence becomes insignificant for open volume, whilst 

showing significant impact for close volume only in five-day-ahead realized volatility.  

 <Table 3 is inserted about here> 

 We add control variables into the prediction regression in order to investigate 

whether the net demand for volatility contains any incremental information beyond the 

publicly observable volatility information. The coefficient estimates of RV, IV, OPV 

and INV are consistent across demand sources, and in line with the prior studies. In 

line with the widely recognized volatility clustering effect, the coefficients of lagged 

RV are all positively significant at below the 1 per cent significance level.  

 Consistent with the general findings, that implied volatility is the best predictor of 

future volatility, the coefficients of lagged IV are all positively significant at below the 

1 per cent significance level. Furthermore, we find that, in general, the volume of both 

option and index trading (OPV and INV) has significant impacts with regard to 

determining future realized volatility.   

 Unlike the control variables referred to above, the variable representing 

directional information (AD) implied in overall options volume shows no significant 

impact on future volatility, whilst the directional information implied from both open 

and close volume does exhibit some significant impact on future volatility. This 

finding indicates that the directional information from one particular strategy, an open 
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or close position, is more informative for future volatility. Furthermore, the negative 

(positive) coefficients for open (close) volume imply that there will be a decrease 

(increase) in future volatility if traders use open (close) positions to trade on their 

directional information.  

 Following an alternative approach, we extract the net demand for volatility from 

various combination trades to further investigate whether, on a market-aggregation 

basis, the volatility information is informative of future volatility. These combination 

trades include straddle, strangle, options/futures, money spread and calendar spread 

trades, of which the first three trading strategies are recognized as being sensitive to 

volatility, whilst the last two are not. The estimation results of the prediction 

regression across alternative combination trades are reported in Table 4.14  

<Table 4 is inserted about here> 

 As expected, the volatility demand derived from the trading volume of money 

spread and calendar spread trades contains no significant information for the prediction 

of one-day- to five-day-ahead realized volatility, since these trades are not sensitive to 

volatility. However, despite straddle, strangle and options/futures usually being 

regarded as volatility-sensitive trades, the predictive power of the volatility demand 

implied by the trading volume of these three strategies, on a market-aggregation basis, 

is not as might be expected. The volatility demand extracted from strangle trades is 

found to have significant impact on three-day realized volatility, whilst options/futures 

trades have some significant impact on one-day-ahead realized volatility. However, it 

is really quite surprising to find that the coefficients of straddle Dσ 
are all insignificant, 

which may well indicate that this type of trade does not, in fact, have any role to play 

in volatility forecasting.  

                                                 
14   Since the estimation results of the control variables are generally similar to those shown in Table 3, 
they are omitted here in order to avoid repetition. 
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 Regardless of whether volatility demand is compiled from alternative vanilla 

trades or various combination trades, the empirical results on a market-aggregation 

basis do reveal some degree of predictive power from the volatility demand for overall, 

close, strangle and options/futures trades, although the evidence may not be 

sufficiently clear. This finding may indicate that the aggregate options trading volume 

implies ambiguous volatility information. The reason for this could be that some 

traders are informed, whilst others are not. As a result, the volatility information 

released by aggregate volume becomes noisy.  

 Since our unique dataset facilitates the identification of various categories of 

traders for every trade, in the following section we go on to further investigate the 

information content on future realized volatility from the options trading volume of 

various categories of traders. Our aim is to attempt to answer the question relating to 

whether domestic institutional traders, foreign institutional traders or individual traders 

possess volatility information. 

4.2 Information Content of Trading Volume of Various Categories of Traders  

We extract the volatility demand from the trading volume corresponding to the 

alternative option trades of various categories of traders to run the prediction 

regression; thus, the volatility demand is compiled under the two dimensions of 

categories of traders and trade types. Similar to the process undertaken in the previous 

section, we first run the tests on the alternative vanilla trades for the volatility demand 

of various categories of traders, and then for various types of combination trades. 

 Table 5 reports the estimation results of the prediction regression for the volatility 

demand from the overall, open and close option volume for various categories of 

traders. Interestingly, only the trading volume of individual traders shows significant 

predictive power. The one-day- and two-day-ahead predictions of overall volume are 
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well below the respective 10 per cent and 5 per cent levels of significance, whilst close 

volume is significant at below the 5 per cent significance level.  

<Table 5 is inserted about here> 

 In contrast to the many of the prior studies, in which it is suggested that foreign 

institutional traders are more informed, particularly with regard to directional information, 

when focusing on various vanilla option trades within the financial market in Taiwan, 

we can find no evidence of the trading volume of foreign institutional traders having 

predictive ability over future volatility. Although open volume is viewed as being more 

informative than overall volume, again we can find no evidence in support of this 

argument, even when we examine the volume for various categories of traders.  

 It is an undeniable fact that, on a market-aggregation basis, the trades of 

individuals account for the greatest proportion of all trading volume. This phenomenon 

could explain why we can find no evidence of predictive ability from the volatility 

demand of institutional traders. We may, however, be able to find more insights from 

further exploration of the alternative trading strategies of various categories of traders.  

 We therefore run a prediction regression on the volatility demand from the 

trading volume for the alternative combination trades of various categories of traders. 

As time spread and calendar spread are not traded on the volatility expectation, and the 

test results with regard to market aggregation also do not support their informativeness 

in future volatility, we focus here on the three volatility-sensitive combination trades.      

 Table 6 shows the estimation results of the prediction regression for the volatility 

demand from the straddle, strangle and options/futures trades of various categories of 

traders. In general, we find that different categories of traders use different volatility 

trades to realize their volatility information. As Panel A shows, the volatility demand 

compiled from the options/futures trades of domestic institutional traders contains 
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significant information on three-day-ahead realized volatility at below the 10 per cent 

significance level.  

 <Table 6 is inserted about here> 

 From practical experience, domestic institutional traders are known to be very 

frequent traders in TAIEX index options with TAIEX futures. Similarly, the 

estimation results in Panel B show that the volatility demand from the options/futures 

trades of foreign institutional traders show highly significant predictive power for 

one-day-ahead volatility. It should be noted that the daily average options trading 

volume from the options/futures combination trades of foreign institutional investors is 

only 438 contracts, whilst the respective volume for domestic institutional traders and 

individual traders is 1,520 and 41,078 contracts (see Table 2). This may indicate that 

although foreign institutional traders are not the major participants in the market using 

options/futures combination trades, they nevertheless provide the greatest and most 

direct predictive ability on future realized volatility.  

 As shown in Panel C, we find that the volatility demand from the strangle trades 

of individual traders show significant predictive power with regard to three-day-ahead 

realized volatility. Although individual traders use more options/futures combinations, 

there is no evidence from the types of combination trades to show that individual 

traders possess volatility information. 

 As suggested by Chaput and Ederington (2005), using the delta-neutral trading 

strategy of options/futures to identify volatility trades is more precise than using the 

entire option volume. For individual traders, the volatility demand provides satisfactory 

predictive power only in overall volume and strangle volume; it is therefore reasonable 

to assume that individuals are less familiar with options/futures combination trades 

and will tend to select the standard strangle orders provided by the TAIFEX, which is 
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confirmed by the trading volume shown in Table 3. The daily average option trading 

volume for strangle trades by individuals is 1,983 contracts, which is much larger than 

the volume for domestic traders, at 74 contracts, and for foreign institutional traders, at 

394 contracts.  

 Although the volatility demand from the overall options volume of foreign 

institutional traders shows no significant predictive power, the predictive power arising 

from options/futures combination trades is fairly satisfactory. Thus, it would seem 

reasonable to assume that foreign institutional traders are more knowledgeable about 

volatility-sensitive trades, and will therefore tend to use the most convenient method 

(delta neutral options/futures trade) to trade on their volatility information. 

5. Discussion and Robustness Check 

From a careful comparison between the empirical results on a market-aggregation 

basis and those for various categories of traders, unsurprisingly, we find that the results 

in Table 3 are similar to those in Panel C of Table 5, with transactions by individuals 

accounting for the highest proportion of all trading volume. Therefore, if we were to 

simply regroup the overall trading volume into two sub-groups, open and close volume, 

the findings for market aggregation would be similar to those for individual traders. 

 By contrast, if we were to regroup the overall trading volume according to at 

least five different combinations of trading strategies, we find that the results for 

various categories of traders will differ from those for market aggregation, with the 

former providing more insights. We can basically identify, from the 

market-aggregation results shown in Table 4, that the trading volume of strangle and 

options/futures trades carry volatility information; however, when further exploring 

the trading volume for various categories of traders, we begin to realize that the 

information from strangle trades comes from individual traders, whilst the 
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information from options/futures trades comes from institutional traders. In particular, 

the strongest and most direct prediction is made by the volatility demand from foreign 

institutional traders compiled from the delta-neutral options/futures trades. 

 Ni et al. (2007) employ an alternative approach to identifying straddle trades; a 

measure which is referred to as option volume which could form part of straddle trades. 

Since we are unable to find any evidence to support the predictive power of straddle 

trades, as a check for robustness, we use the approach proposed by Ni et al. (2007) to 

identify straddle trades and then reanalyze the results. As the definition in this 

approach is much looser than ours, the number of trades is therefore much larger; 

however, we are still unable to find any evidence to suggest the volatility forecasting 

ability of straddle trades, and this is not dependent on whether the trading volume is 

based on market aggregation or on various categories of traders. 

5.  Conclusions 

As the data on option transactions become more readily accessible, the information 

content of options trading with regard to the future dynamics of the underlying asset 

prices has become a popular and important issue within the financial literature. Using a 

unique dataset which provides comprehensive details on all transactions and orders for 

options written on the TAIEX, we investigate whether volatility information exists in 

the Taiwan options market. Based on the vega-weighted net demand for volatility, as 

proposed by Ni et al. (2007), we find that options trading volume does indeed contain 

some information on future realized volatility.  

 Our empirical findings indicate that, on a market-aggregation basis, the volatility 

demand compiled from overall, close, strangle and options/futures trading volume 

provides some degree of predictive power with regard to future realized volatility in 

the TAIEX, while we find no evidence to support the predictive ability of the volatility 
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demand from straddle trades, despite the widespread acknowledgement that such 

trades are sensitive to volatility. Further exploration of the trading volume of various 

categories of traders reveals that different categories of traders use different trading 

strategies to realize their volatility information. Individuals will tend to trade on their 

volatility information by using strangle trades, whereas institutional traders will tend to 

trade through the execution of options/futures trades. In particular, the strongest and 

most direct predictions are made by the volatility demand arising from the 

delta-neutral options/futures trades of foreign institutional traders; these are believed to 

be a more appropriate proxy for volatility trades.  

 To the best of our knowledge, no study has yet provided any empirical evidence 

on the existence of volatility information using comprehensive details on all 

transactions and orders in an options market. This study therefore contributes to the 

literature by filling this gap, from various dimensions in particular, including trading 

strategies and categories of traders. 
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Table 1a  Summary statistics of common variables 
 
This table presents the summary statistics of the common variables, RV, IV and INV: RV, which denotes 
the realized volatility of the underlying asset, is defined as the difference between the highest and lowest 
intraday prices divided by the closing price; IV is the average implied volatility of the nearest 
at-the-money call and put options with the shortest maturity (of at least five trading days); and INV is 
the log of the trading volume of the underlying asset. The sample period runs from December 2001 to 
December 2005.  
 

Variables Mean Std. Dev. Median Skewness Kurtosis Min Max 

RV  23.87% 12.73% 20.67% 1.36 5.46 2.32% 91.29% 
IV  24.08% 7.90% 23.57% 0.45 2.41 9.65% 55.43% 
INV 15.08 0.37 15.05 0.38 2.21 14.12 16.26 
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Table 1b  Summary statistics of different trade variables 
 
This table presents the summary statistics of the option-volume variables, Dσ, AD and OPV for various trading strategies. Dσ is the net demand for volatility; AD is the 
absolute difference between the sum of the delta-weighted long volume and the delta-weighted short volume with the delta computed by similar steps to the 
Black-Scholes vega; OPV is the number of options contracts. The sample period runs from December 2001 to December 2005.  
 

Variables 
Dσ AD OPV Trade Types 

Mean Std. Dev. Median  Mean Std. Dev. Median  Mean Std. Dev. Median 

Overall 13,685.92 54,044.66 4,035.89 2,609.57 3,266.39 1,359.37 149,664 131,593 137,758 

Open 69,541.34 89,046.97 41,290.77 4,171.08 5,740.07 2,333.96 83,543 69,992 80,686 

Close –55,855.42 82,323.76 –25,754.93 4,710.98 7,235.22 1,977.57 66,120 64,961 53,137 

Straddle –487.93 1042.88 –155.05 51.64 108.41 13.94 561 717 309 

Strangle –1,897.33 3,296.14 –818.51 92.98 211.93 25.57 2,056 2,019 1,644 

Could be straddle –5,395.45 20,556.70 –799.54 1,348.95 2,148.54 556.86 29,030 32,600 19,424 

Options/Futures 6,682.30 11,318.83 3,981.64 392.02 376.68 271.83 42,630 33,715 41,269 

Money spread –6.92 2,913.77 22.44 232.09 380.39 67.87 1,921 2,277 1,221 

Calendar spread 258.16 1,667.15 13.95 55.47 290.08 2.46 109 400 13 
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Table 2  Summary statistics of option-volume variables for categories of alternative traders  
 
This table presents the summary statistics of the option-volume variables, Dσ, AD and OPV across various trading strategies for alternative categories of traders, 
domestic institutional investors, foreign institutional investors, and individual investors. Dσ is the net demand for volatility. AD is the absolute difference between the 
sum of the delta-weighted long volume and the sum of the delta-weighted short volume with the delta computed by the similar steps for the Black-Scholes vega. OPV 
is the number of option contracts. The sample period is from December 2001 through December 2005. 
 

Variables 
Dσ AD OPV 

 
Trade Types 

Mean Std. Dev Median Mean Std Median Mean Std Median 

Panel A: Domestic Institutional Traders 

Overall –5,591.68 16,968.86 –1,066.25 652.46 1,055.31 231.97 15,132 14,766 12,059 
Open –11,448.28 20,913.76 –4,318.17 524.77 794.56 188.37 8,276 8,085 6,440 
Close 5,868.43 11,249.87 1,629.29 563.61 1,070.79 173.76 6,869 7,278 4,796 
Straddle –27.86 118.67 –5.67 4.10 13.10 0.79 23 52 6 
Strangle –94.76 323.04 –19.62 3.03 9.51 0.67 74 142 26 
Options/Futures –309.74 1,117.90 –40.12 11.55 26.93 6.21 1,520 1,654 1,042 
Money spread –154.78 873.68 -0.01 43.89 119.96 8.54 225 411 77 
Calendar spread 60.55 582.63 1.64 12.08 31.16 1.10 33 83 4 
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Table 2  (Contd.) 
 

Variables 
Dσ AD OPV 

 
Trade Types 

Mean Std. Dev Median  Mean Std Median  Mean Std Median 

Panel B: Foreign Institutional Traders 

Overall 5,927.36 20,767.08 736.97 1,013.38 1,854.99 456.24 9,557 10,200 6,603 
Open 6,762.29 19,886.52 1,005.82 641.46 1,195.31 292.18 6,626 6,928 4,467 
Close –880.73 10,216.49 –0.33 908.28 2,153.13 296.03 3,698 4,967 1,982 
Straddle 560.34 1,871.83 27.11 12.26 16.55 5.07 298 449 103 
Strangle 1,263.96 2,202.16 324.21 15.37 27.94 2.79 394 638 117 
Options/Futures 517.51 3,483.37 9.15 4.09 17.24 0.20 438 878 100 
Money spread 546.09 898.53 115.77 163.14 284.39 18.16 301 491 35 
Calendar spread 2,964.94 4,641.08 572.62 616.88 1,015.18 61.48 727 1,189 81 

Panel C: Individual Traders 

Overall 14,545.28 60,257.72 4,219.04 2,991.42 3,627.45 1,662.39 126,901 111,350 117,728 
Open 75,679.31 94,089.96 46,865.82 4,442.36 5,791.39 2,622.76 70,064 58,294 67,470 
Close –61,134.03 87,892.94 –28,114.01 4,798.08 7,326.11 1,981.68 56,837 55,853 47,220 
Straddle –485.27 1,001.38 –150.17 50.95 108.18 13.13 545 700 303 
Strangle –1,885.64 3,189.08 –798.05 91.73 207.82 25.85 1,983 1,930 1,568 
Options/Futures 6,950.29 11,267.13 4,154.88 388.41 372.91 266.37 41,078 32,429 39,911 
Money spread 102.82 2,855.05 38.40 217.31 350.54 71.40 1,750 2,155 1,045 
Calendar spread 234.03 1421.44 13.88 51.18 273.61 2.32 99 371 11 
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Table 3  Volatility prediction by the options volume of alternative vanilla trades 
 
This table reports the estimation results of the prediction regression (Equation 4) on market aggregation and alternative vanilla trading strategies (open or close 
positions). The dependent variable of the regressions is the realized volatility of the TAIEX index on trading day t. Of the independent variables, we examine the 
option-volume variables (Dσ, OPV and AD) with lagged periods from 1 to 5. The sample period runs from December 2001 to December 2005. * indicates significance 
at below the 10% level; ** indicates significance at below the 5% level; and *** indicates significance at below the 1% level. 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Panel A:  Overall Volume 

Intercept 400.91 0.29 –2479.38 –1.83* –3496.10 –2.58** –3318.38 –2.47** –1717.62 –1.27 

Dσ
t  – j 0.0017  2.00** 0.0008 0.97 0.0003 0.32 0.0002 0.22 0.0015 1.70* 

RVt – 1 0.1579  4.90*** 0.1261 3.89*** 0.1305 4.06*** 0.1241  3.89*** 0.1241 3.85*** 

IVt – 1 0.5498 9.39*** 0.6314 11.18*** 0.6300  11.12*** 0.5896 10.48*** 0.6118 10.94*** 

OPVt – j –0.0021  –6.91*** –0.0014 –4.41*** –0.0013  –4.18*** –0.0017 –5.56*** –0.0017 –5.35*** 

INVt – 1 38.6055  0.42 214.9693 2.39** 281.3885 3.13*** 281.1044 3.14*** 169.9235  1.89* 

ADt – j –0.0067  –0.60 –0.0022 –0.20 0.0067  0.60 0.00067  0.06 –0.0046 –0.41 

Adj-R2 0.3421 0.3236 0.3241 0.3298 0.3271 
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Table 3  (Contd.) 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Panel B:  Open Volume 

Intercept –8.56  –0.01 –2969.70 –2.17** –4002.23  –2.91*** –3448.35 –2.52** –1571.01 –1.14 

Dσ
t  – j 0.0006 1.00 0.0002 0.25 0.0004  0.63 0.0001 0.14 –0.0000 –0.02 

RVt – 1 0.1467  4.49*** 0.1167 3.62*** 0.1173 3.64*** 0.1171 3.66*** 0.1213 3.75*** 

IVt – 1 0.5344 8.83*** 0.5964 10.33*** 0.6082 10.54*** 0.5695 9.91*** 0.5795 10.09*** 

OPVt – j –0.0037 –4.92*** –0.0022 –2.85*** –0.0023 –2.96*** –0.0032 –4.14*** –0.0031 –4.02*** 

INVt – 1 72.3316 0.78 258.0263 2.84*** 323.6455 3.55*** 296.4041 3.25*** 168.7473  1.84* 

ADt – j –0.0174 –2.4** –0.0218 –3.06*** –0.0209 –2.91*** –0.0089 –1.24 –0.0043 –0.60 

Adj-R2 0.3422 0.3324 0.3313 0.3326 0.3270 

Panel C:  Close Volume 

Intercept 221.66 0.16 –2754.56 –2.00** –3911.94  –2.83*** –3414.44 –2.48** –1367.38 –0.99 

Dσ
t  – j 0.0009  1.41 0.0010 1.54 0.0005  0.73 0.0007 1.04 0.0017 2.70*** 

RVt – 1 0.1530  4.67*** 0.1233 3.81*** 0.1263  3.92*** 0.1256  3.92*** 0.1274  3.95*** 

IVt – 1 0.5539  9.51*** 0.6372 11.46*** 0.6454 11.55*** 0.6091 10.94*** 0.6027 10.87*** 

OPVt – j –0.0028 –3.94*** –0.0010  –1.39 –0.0012  –1.69* –0.0024 –3.34*** –0.0016 –2.20** 

INVt – 1 48.1017  0.52 229.9239 2.52** 304.4042  3.33*** 280.7021 3.07*** 145.1955 1.59 

ADt – j 0.0062 1.05 0.0099 1.68* 0.0126  2.13** 0.0025 0.43 –0.0023 –0.39 

Adj-R2 0.3396 0.3261 0.3262 0.3270 0.3260 
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Table 4  Volatility prediction by option volume of alternative combination trades 
 
This table reports the estimation results of the prediction regression (Equation 4) on alternative combination trades. The dependent variable of the regressions is the 
realized volatility of the TAIEX index on trading day t. Of the independent variables, we examine the option-volume variables (Dσ, OPV and AD) with lagged periods 
from 1 to 5. In order to save space, we do not report the estimates of all of the control variables. The sample period runs from December 2001 to December 2005. * 
indicates significance at below the 10% level; ** indicates significance at below the 5% level; and *** indicates significance at below the 1% level. 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Straddle 
Intercept –99.37 –0.07 –2272.01 –1.60 –3523.11 –2.48** –2728.02 –1.95* –695.08 –0.49 

Dσ
t  – j 0.0253 0.63 0.0321 0.80 0.0436 1.08 0.0231 0.58 0.0363 0.91 

Adj-R2 0.2904 0.3009 0.3026 0.3080 0.2949 

Strangle 
Intercept 573.43 0.40 –3217.54 –2.30** –3981.89 –2.88*** –3440.46 –2.47** –1403.26 –0.99 

Dσ
t  – j –0.0061 –0.50 0.0098 0.79 0.0283 2.32** –0.0064 –0.52 0.0003 0.03 

Adj-R2 0.3078 0.3093 0.3120 0.3090 0.2951 
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Table 4  (Contd.) 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Options/Futures 
Intercept –834.67 –0.60 –3315.14 –2.42** –4510.49 –3.30*** –4125.58 –3.03*** –2653.23 –1.94* 

Dσ
t  – j 0.0057 1.70* 0.0015 0.45 0.0008 0.24 –0.0014 –0.43 –0.0043 –1.28 

Adj-R2 0.3375 0.3199 0.3249 0.3287 0.3268 

Money Spread 
Intercept 871.61 0.62 –2305.69 –1.65* –3160.67 –2.30** –2562.51 –1.84* –920.59 –0.67 

Dσ
t  – j 0.0084 0.63 0.0003 0.02 0.0129 0.99 0.0025 0.19 0.0120 0.92 

Adj-R2 0.3054 0.3013 0.3070 0.3065 0.3021 

Calendar Spread 
Intercept 458.29 0.28 –1964.17 –1.28 –3649.00 –2.32** –1923.83 –1.22 –747.94 0.49 

Dσ
t  – j –0.0071 –0.21 –0.0125 –0.37 0.0120 0.35 0.0136 0.40 –0.0215 –0.64 

Adj-R2 0.2951 0.3106 0.3110 0.3054 0.3027 
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Table 5  Volatility prediction by the options volume of alternative vanilla trades for different categories of traders 
 
This table reports the estimation results of the prediction regression (Equation 4) on market aggregation and alternative vanilla trading strategies (open or close 
positions) for various categories of traders. The dependent variable of the regressions is the realized volatility of the TAIEX index on trading day t. Of the independent 
variables, we examine the option-volume variables (Dσ, OPV and AD) with lagged periods from 1 to 5. In order to save space, we do not report the estimates of all of 
the control variables. The sample period runs from December 2001 to December 2005. * indicates significance at below the 10% level; ** indicates significance at 
below the 5% level; and *** indicates significance at below the 1% level. 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Panel A:  Domestic Institutional Traders 

Overall Volume 

Intercept 1138.35 0.82 –1944.58 –1.43 –2982.42 –2.19** –2634.64 –1.95* –1089.40 –0.80 

Dσ
t  – j –0.0010 –0.44 –0.0025 –1.11 0.0004 0.19 –0.0005 –0.24 0.0003 0.13 

Adj-R2 0.3311 0.3193 0.3189 0.3251 0.3187 

Open Volume 

Intercept 974.34 0.70 –2200.61 –1.62 –3051.26 –2.24** –2780.92 –2.05** –1125.05 –0.83 

Dσ
t  – j 0.0009 0.42 –0.0004 –0.17 –0.0008 –0.38 –0.0005 –0.24 –0.0003 –0.12 

Adj-R2 0.3342 0.3256 0.3204 0.3253 0.3192 

Close Volume 

Intercept –326.68 –0.21 –2891.33 –1.92* –3847.63 –2.63*** –2322.93 –1.56 –2008.12 –1.37 

Dσ
t  – j 0.0036 0.93 –0.0002 –0.05 –0.0008 –0.22 0.0025 0.65 0.0042 1.13 

Adj-R2 0.2929 0.2947 0.3167 0.2871 0.2952 

Panel B:  Foreign Institutional Traders 

Overall Volume 

Intercept –484.33 –0.33 –3801.68 –2.73*** –4324.51 –3.03*** –2774.72 –1.92* –1985.08 –1.40 

Dσ
t  – j 0.0009 0.50 –0.0020 –1.08 –0.0019 –0.99 –0.0000 –0.02 0.0006 0.32 

Adj-R2 0.2881 0.2893 0.2904 0.2965 0.2912 
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Table 5  (Contd.) 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Panel B:  Foreign Institutional Traders (Contd.) 

Open Volume 

Intercept 1584.28 0.13 –1599.19 –1.16 –3034.64 –2.21** –2555.50 –1.87* –1095.36 –0.89 

Dσ
t  – j –0.0056 –1.46 –0.0067 –1.74* 0.0009 0.22 –0.00183 –0.49 –0.0006 –0.16 

Adj-R2 0.3278 0.3174 0.3152 0.3205 0.3150 

Close Volume 

Intercept –51.45 –0.04 –3097.27 –2.24** –4078.13 –2.93*** –3510.12 –2.54** –1598.56 –1.15 

Dσ
t  – j 0.0006 0.99 0.0003 0.48 0.0004 0.68 0.0002 0.25 0.0001 0.09 

Adj-R2 0.3396 0.3285 0.3257 0.3280 0.323 

Panel C:  Individual Traders 

Overall Volume 

Intercept 285.53 0.21 –2559.18 –1.90* –3535.94 –2.61*** –3420.98 –2.54** –1815.41 –1.34 

Dσ
t  – j 0.0015 1.88* 0.0020 2.47** 0.0010 1.19 0.0001 0.08 0.0010 1.33 

Adj-R2 0.3393 0.3242 0.3202 0.3253 0.3220 

Open Volume 

Intercept –190.84 –0.13 –3142.20 –2.22** –3630.61 –2.53** –2901.63 –2.00** –1614.09 –1.13 

Dσ
t  – j 0.0000 0.02 –0.0020 –0.91 0.0016 0.69 0.0005 0.22 0.0001 0.06 

Adj-R2 0.2902 0.2859 0.2922 0.3000 0.2906 

Close Volume 

Intercept 408.01 0.29 –2334.23 –1.68* –3630.64 –2.61** –3416.56 –2.47** –1307.56 –0.94 

Dσ
t  – j 0.0010 1.61 0.0014 2.21** 0.0007 1.11 0.0006 1.04 0.0017 2.57 

Adj-R2 0.3354 0.3205 0.3195 0.3221 0.3207 
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Table 6  Volatility prediction by options volume of alternative combination trades for different categories of traders  
 
This table reports the estimation results of the prediction regression (Equation 4) on alternative volatility sensitive combination trades for various categories of traders. 
The dependent variable of the regressions is the realized volatility of the TAIEX index on trading day t. Of the independent variables, we examine the option-volume 
variables (Dσ, OPV and AD) with lagged periods from 1 to 5. In order to save space, we do not report the estimates of all of the control variables. The sample period 
runs from December 2001 to December 2005. * indicates significance at below the 10% level; ** indicates significance at below the 5% level; and *** indicates 
significance at below the 1% level. 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Panel A:  Domestic Institutional Traders 

Straddle 

Intercept 731.29 0.44 –2955.11 –1.65* –4577.36 –2.44** –1469.03 –0.81 –900.19 –0.49 

Dσ
t  – j –0.58 –1.22 –0.46 –0.86 –0.20 –0.35 0.38 0.71 0.07 0.13 

Adj-R2 0.2705 0.2930 0.2468 0.2628 0.2824 

Strangle 

Intercept –263.06 –0.17 –2691.31 –1.81* –4002.68 –2.66*** –2951.01 –1.96* –1577.65 –1.06 

Dσ
t  – j 0.15 1.05 –0.04 –0.31 0.05 0.35 0.18 1.27 –0.15 –1.03 

Adj-R2 0.2811 0.2707 0.2810 0.2825 0.2816 

Options/Futures 

Intercept 1121.97 0.81 –1839.15 –1.35 –2943.53 –2.17** –2594.24 –1.91* –838.87 –0.62 

Dσ
t  – j 0.02 0.67 0.00 0.00 0.05 1.71* 0.01 0.26 0.03 0.92 

Adj-R2 0.3203 0.3110 0.3142 0.3162 0.3081 

Panel B:  Foreign Institutional Traders 

Straddle 

Intercept –1767.67 –0.12 31523 3.14** –6096.77 –0.23 –6867.96 –0.35 –1521.12 –0.22 

Dσ
t  – j 0.11 0.34 0.12 0.59 0.26 0.60 –0.17 –0.42 0.18 1.29 

Adj-R2 0.2651 0.6301 0.0303 0.3778 0.5965 

131



 33

Table 6  (Contd.) 
 

J-value 
1 2 3 4 5 Variables 

Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. Coeff.   t-stat. 

Panel B:  Foreign Institutional Traders (Contd.) 

Strangle 

Intercept 7290.34 1.33 –5521.38 –0.96 4723.60 0.86 1266.20 0.16 –8788.71 –0.97 

Dσ
t  – j 0.13 0.92 –0.01 –0.09 –0.19 –1.32 –0.09 –0.44 0.32 1.38 

Adj-R2 0.4433 0.3445 0.4746 0.2891 0.4198 

Options/Futures 

Intercept 6978.05 1.21 –9758.26 –1.95* –8830.12 –1.69* 2851.12 0.64 538.79 0.10 

Dσ
t  – j 0.12 3.42*** 0.01 0.44 0.03 0.91 0.03 1.00 –0.00 –0.10 

Adj-R2 0.3631 0.3376 0.3523 0.3602 0.2504 

Panel C:  Individual Traders 

Straddle 

Intercept –16.57 –0.01 –2294.71 –1.61 –3593.67 –2.52** –2669.21 –1.92* –715.54 –0.51 

Dσ
t  – j 0.04 0.98 0.03 0.76 0.01 0.26 0.04 0.94 0.01 0.22 

Adj-R2 0.2911 0.3009 0.3020 0.3085 0.2950 

Strangle 

Intercept 526.96 0.37 –3222.25 –2.30* –4037.99 –2.91*** –3608.97 –2.59*** –1407.26 –0.99 

Dσ
t  – j –0.01 –0.65 0.01 0.64 0.03 2.19** –0.01 –0.73 0.00 0.10 

Adj-R2 0.3074 0.3093 0.3114 0.3089 0.2934 

Options/Futures 

Intercept –888.18 –0.64 –3385.24 –2.47** –4566.99 –3.34*** –4194.70 –3.08*** –2716.69 –1.99** 

Dσ
t  – j 0.00 1.22 0.00 0.39 –0.00 –0.03 –0.00 –0.55 –0.00 –1.34 

Adj-R2 0.3363 0.3199 0.3248 0.3287 0.3270 
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TOWARDS A MODEL OF THE CONTRIBUTORS TO VENTURE CAPITALIST 

CERTIFICATION AT IPO 

 
 
ABSTRACT 

 

The existence of a certification role for venture capitalist involvement at IPO has 

been extensively studied in the US market. These studies, however, have barely 

scratched the surface of establishing the constituents of any certification benefit of 

venture capitalist involvement with their investee companies at IPO. This paper 

outlines a model that could be used to investigate the key contributors to any 

certification role. 

_______________________________________________ 
 
 
INTRODUCTION 

 

Venture capitalist added value and certification have been extensively studied in the 

US, widely recognised as the leading venture capital market in the world (Hege, 

Palomino, & Schwienbacher, 2003; Shepherd, Ettenson, & Crouch, 2000). However, 

this research has mainly focused on either investigating perceived added value from 

the perspectives of venture capitalists or entrepreneurs (e.g. Gomez-Mejia, Balkin, & 

Welbourne, 1990; Rosenstein, Bruno, Bygrave, & Taylor, 1993; Sapienza, 1992; 

Sapienza & Timmons, 1989) or on attempts at measuring the impact of certification, 

usually as proxied by reductions in IPO underpricing (e.g. Barry, Muscarella, Peavy, 

& Vetsuypens, 1990; Megginson & Weiss, 1991). There remains very limited 

understanding of how the market perceives venture capitalists’ contribution to 

creating value or how the reputational capital of the venture capitalist (or firm) and 

the nature of its actions and relationship with the investee company combine to 

deliver added value from the perspective of the market. 
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Entrepreneurs frequently do not possess specific managerial skills such as financial, 

marketing and administrative skills (Brush, Greene, & Hart, 2001; Hellmann & Puri, 

2002). It is through contributing these types of skills and knowledge and identifying 

potential customers, suppliers and development partners as the company grows that 

venture capitalists can contribute to speedier or superior growth (Megginson & 

Weiss, 1991; Tykvovã & Walz, 2007). Specifically around the IPO event, they 

contribute knowledge, intellectual and experiential, of the process and social capital 

through networks with underwriters and specialist auditors and solicitors, both to 

reduce the costs associated with the IPO and contribute towards favourable 

outcomes in respect of pricing and take up (Bygrave & Timmons, 1992; Stein & 

Bygrave, 1990). 

 

It has been argued that the presence of venture capital backers helps certify the 

quality of firms allowing them to go public at a younger age and with less perceived 

risk to investors resulting in lower underpricing losses to pre IPO owners at the IPO 

(Barry, Muscarella, Peavy, & Vetsuypens, 1990; Megginson & Weiss, 1991). 

Reduced underpricing represents a wealth transfer from post to pre IPO 

shareholders of the company (How, Izan, & Monroe, 1995) and is commonly cited as 

evidence of a certification role (see Barry, Muscarella, Peavy, & Vetsuypens, 1990; 

Dolvin, 2005; Dolvin & Pyles, 2006; Megginson & Weiss, 1991). 

 

The certification literature is dominated by studies that use quantitative techniques to 

identify statistical associations between venture capitalist involvement and the level 

of IPO underpricing as a proxy for certification. The conclusions have been 

inconsistent over time (see Barry, Muscarella, Peavy, & Vetsuypens, 1990; Bradley & 

Jordan, 2002; Brav & Gompers, 2003; Dolvin, 2005; Dolvin & Pyles, 2006; Francis, 

Hasan, & Hu, 2003; Lee & Wahal, 2004; Megginson & Weiss, 1991). Generally, 
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these studies have been undertaken without investigating the underlying contributors 

to any evidenced certification role. This paper introduces a model that can be applied 

to the investigation of the contributors to any certification role. The model will be 

adopted to investigate how venture capitalists’ reputational capital and involvement 

with their investee companies influence the evaluation of venture capital backed 

IPOs by financial analysts, as a proxy for the market. 

 

THE MODEL 

 

The model is grounded in theories of resource dependence and exchange (Pfeffer & 

Salancik, 1978), agency risk (Jensen & Meckling, 1976), informational asymmetry 

(Akerlof, 1970) and certification theory (Booth & Smith, 1986). It addresses how the 

influence of venture capitalist involvement over the duration of the venture capitalist-

investee company relationship impacts the market’s assessment of the company’s 

value at the time of the IPO. In other words, it considers an assessment at a point in 

time of the consequences of a relationship and actions that may have transpired over 

several years and can reasonably be expected to continue (Barry, Muscarella, 

Peavy, & Vetsuypens, 1990; Brav & Gompers, 1997; Flynn, 2001; Gompers & 

Lerner, 1998). The model is illustrated in Figure 1. 
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Figure 1: A model of the contributors to venture capitalist certification at IPO 
 

 
 

To fulfil a certification role successfully an actor must demonstrate both positional 

ability and reputational reliability. 

 

Positional ability arises when an actor has access to knowledge or influence that 

others either do not have access to or have only costly access to, that is the actor is 

in a position of superior knowledge or influence relative to others (Myers & Majluf, 

1984). In the context of a venture capital backed IPO, contributors to positional ability 

include (1) their position of superior knowledge of the firm (Barry, Muscarella, Peavy, 

& Vetsuypens, 1990; M. Kim & Ritter, 1999), (2) their ability to influence decision 

making within the firm (Gorman & Sahlman, 1989), and (3) their networks of contacts 

such as auditors, specialist solicitors and underwriters (Bygrave & Timmons, 1992; 

Stein & Bygrave, 1990), often referred to as social capital (Petrick, Scherer, 
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Brodzinski, Quinn, & Ainina, 1999). Their position of knowledge is derived from their 

knowledge of the IPO process, their knowledge of the industry in which the company 

operates and from insider knowledge of the company, resulting from the duration of 

the relationship and intimate involvement with the firm prior to the IPO (Barry, 

Muscarella, Peavy, & Vetsuypens, 1990; M. Kim & Ritter, 1999). In most cases some 

level of industry knowledge will be derived via their relationship with the investee 

company, however in addition, many venture capital firms will have specific industry 

knowledge through the professional experiences of individual venture capitalists 

(Hege, Palomino, & Schwienbacher, 2003; Maula, Autio, & Murray, 2005). For 

example, a venture capital firm may specialise in high technology communications 

ventures and can reasonably be expected to hold a position of knowledge on that 

industrial sector. Such specialisation is particularly prevalent in the mature US market 

but firms in emerging markets also frequently use industry specialisation as a 

differentiator. As venture capitalists ordinarily retain significant ownership and 

involvement after the IPO (Brav & Gompers, 1997), this market knowledge can be 

considered as a potential future benefit as well as a historic one. A further contributor 

to the venture capitalist’s position of knowledge at IPO is the insider knowledge 

gained from being a part owner, usually board member and strategist of the 

business, often for several years prior to the IPO (Gorman & Sahlman, 1989). This 

inside knowledge will include knowledge of R&D projects and profitability prospects 

which are frequently not detailed in full in the IPO prospectus for reasons of 

competitive sensitivity (Garcia-Meca & Martinez, 2007). Venture capitalists’ ability to 

influence decision making derives from the usual board membership and voting 

rights associated with significant ownership and often frequently onerous controls 

from strict investment contracts (Hege, Palomino, & Schwienbacher, 2003; Pearce & 

Barnes, 2006; Wijbenga & van Witteloostuijn, 2006).  
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Venture capitalists’ networks contribute to positional ability in two ways. Firstly, their 

networks and contacts with, for example customers, suppliers and specialist 

consultants or experts could contribute to improved performance over the duration of 

their relationship with the investee company (Fredriksen, Klofsten, Landstrom, 

Olofsson, & Wahlbin, 1990; Gomez-Mejia, Balkin, & Welbourne, 1990; Hochberg, 

Ljungqvist, & Lu, 2007). Secondly, in the run up to the IPO, networks with auditors, 

specialist solicitors and in particular underwriters will likely influence the selection of 

these service providers, expediting the use of higher quality service providers and 

reducing issue cost (Bygrave & Timmons, 1992; Dolvin, 2005; Dolvin & Pyles, 2006; 

Stein & Bygrave, 1990). This positional ability is a necessary but not sufficient 

condition to fulfil the certification role. For certification, investors require a belief that 

the venture capitalist is not only in a position to certify but also has the willingness to 

apply this capability to their benefit.  

 

A venture capital firm could build reputational capital over time by acting to reduce 

informational asymmetry, that is, by building a reputation as being trustworthy in 

opting to reduce informational asymmetry. There could be short term gains for 

venture capitalists in exploiting informational asymmetries if their insider knowledge 

indicated the company’s prospects were less than good (Beatty & Ritter, 1986). 

Therefore, to fulfil the certification role, investors must trust that venture capitalists 

will not exploit inside knowledge. This trust is developed over time through 

appropriate pricing, that is not overpricing, issues (Beatty & Ritter, 1986; Lin & Smith, 

1998). This position of appropriately balancing the interests of pre and post IPO 

owners is signalled to the market through relatively high retained ownership, thereby 

signalling ongoing involvement and reduced agency risk for other (post IPO) 

investors (Barry, Muscarella, Peavy, & Vetsuypens, 1990; Dolvin & Pyles, 2006; 

Megginson & Weiss, 1991) and builds into a form of reputational capital. The key 

sources of positive reputational capital will be other market participants such as 
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accountants, underwriters, analysts and media commentators. Reputational capital 

therefore relates to the competence and willingness of venture capitalists to act to 

reduce informational asymmetries and is therefore a necessary condition for 

certification. Establishing and maintaining this reputation relies on expectations of an 

enduring relationship built on self enforcing, reputation-based contracts (Beatty & 

Ritter, 1986; Telser, 1980). 

 

THE DEPENDENT VARIABLE 

 

The model posits a dependent variable of added value as perceived by the market, 

synonymous with the certification benefit. The perceived added value of venture 

capitalist involvement is founded in reduced informational asymmetry and comprises 

that derived from historic involvement (prior resource exchange) and that from 

continued involvement (future resource exchange). 

 

THE INDEPENDENT VARIABLES 

 

The independent variables posited as influencing certification are (1) the intensity of 

the venture capitalist-investee company relationship, (2) the duration of the venture 

capitalist-investee company relationship, (3) the ongoing commitment of the venture 

capitalist, and (4) the perceived quality of the venture capitalist. The theorised value 

adding resources contribute to the positional ability of the venture capital firm through 

the conduit of the time resource allocated to the governance and mentoring of the 

investee company, alongside signals of the continuation of that governance and 

mentoring. 
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Intensity of Involvement 

 

Intensity of involvement refers to the density of resource exchange over the duration 

of the venture capitalist-investee relationship. In practice, this will predominantly be 

determined by time commitment in the monitoring, governance and mentoring of the 

company. Despite Macmillan et al’s (1988) early investigations suggesting that 

venture capitalists’ level of intervention did not significantly impact performance, later 

findings of significant positive impacts now greatly outweigh MacMillan et al’s 

conclusions (e.g. Gabrielsson & Huse, 2002; Hellmann & Puri, 2002; Sapienza, 

1992; Sapienza, Manigart, & Vermier, 1996). Sapienza (1992) evidenced that the 

most effective venture capitalists were those that maintain frequent and open 

communications with investee companies, Sapienza & Gupta (1994) that more 

frequent interactions ensued when the proportion of venture capitalists on the 

investee company board was higher and Sapienza, Manigart & Vermier (1996) that 

increased governance was associated with greater value added. Syndication, that is 

multiple venture capital firms being involved with the same investee company, has 

been shown to be positively related to venture performance and survival rates 

(Brander, Amit, & Antweiler, 2002; Hochberg, Ljungqvist, & Lu, 2007). Considerations 

in determining the intensity of involvement include the frequency of contact, the type 

of contact, e.g. by telephone or face-to-face, the frequency and detail of financial 

reporting and number of board members from, or appointed by, the venture capital 

firm. The motive for involvement can be either value protection (agency theory) or 

value creation (resource exchange theory) and will vary depending on the perceived 

levels of business and agency risk (Barney, Busenitz, Fiet, & Moesel, 1989). Through 

knowledge of the company and influence on decision making the intensity of 

involvement contributes to positional ability.  
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Contributors to venture capitalists’ intensity of involvement will be their general 

disposition to involvement (MacMillan, Kulow, & Khoylian, 1988; Sweeting & Wong, 

1997) and their level of investment in the business (Kaplan & Strömberg, 2004). The 

key constituent of intensity of commitment is the time resource committed by the 

venture capital firm, with other resource commitments only flowing through to the 

investee company through the commitment of time. 

 

With the degrees of ownership and board membership being highly visible to the 

market at IPO, it is highly conceivable that these will influence analysts’ perceptions 

of intensity of involvement. These arguments, when considered together, form strong 

evidence that the intensity of involvement is likely to be a significant factor 

contributing to any certification role for venture capitalists at IPO.  

 

Duration of Involvement 

 

Duration of involvement refers to the length of time the venture capital firm has had 

influence into the decision making processes of the investee company through a 

formal relationship, i.e. the longer a venture capital firm has been involved with an 

investee company the more opportunities it will have had to influence decision 

making. Over this period, involvement may have been influenced by either or both 

value protection (agency theory) or value creation (resource exchange theory) 

motives. The relationship would likely have involved significant monitoring and 

information exchange (Gompers, 1995; Sahlman, 1990) and the longer the 

relationship the more monitoring, mentoring and resource exchange will have taken 

place. Potential added value involvements include strategic and operational planning, 

customer, supplier and adviser networking and mentoring (MacMillan, Kulow, & 

Khoylian, 1988; Sahlman, 1990; Sapienza & Timmons, 1989; Timmons & Bygrave, 

1986). Rosenstein et al (1993) and Sapienza & Amason (1993) have posited that 
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most value is added at the early investment stages. Longer durations of involvement 

will more likely be associated with involvement at early stages and will therefore have 

resulted in venture capitalists having more opportunities to add value at critical times 

over the lifetime of the venture. Indeed, Carter & Van Auken (1994) found venture 

capitalists who prefer to invest in earlier stages of development had a higher 

propensity to exercise control. Similarly, Flynn (2001) evidenced that venture 

capitalists who were more active in earlier stages and those that had been involved 

since the venture’s early stages had a greater impact on performance. Also, a longer 

involvement will have presented the venture capitalist with more opportunities to 

influence decisions that would present a more attractive proposition to the IPO 

market (Barry, Muscarella, Peavy, & Vetsuypens, 1990; Dolvin & Pyles, 2006; 

Lerner, 1994; Sandström & Westerholm, 2003; Timmons & Bygrave, 1986; Wang, 

Wang, & Lu, 2002). The significance of relationship duration has been evidenced by 

Barry et al (1990) who identified an association between reduced underpricing at IPO 

and the length of time the principal venture capitalist had spent on the board of the 

investee company. Through opportunities to influence decision making, the duration 

of involvement contributes to positional ability. The key constituent of the duration 

variable is the time commitment expended over the duration of the venture capitalist-

investee company relationship.  

 

These arguments, when considered together, form strong evidence that the duration 

of the formal venture capitalist-investee company relationship is likely to be a 

significant factor contributing to any certification role. 
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Ongoing Commitment And Retained Ownership 

 

Ongoing commitment refers to the continuing involvement of venture capitalists in the 

monitoring, governance and mentoring of the business. Accordingly, it can signal a 

reduction in agency risk to new investors.  

 

The level of ownership retained at IPO is commonly cited as a signal of firm quality 

(see Gale & Stiglitz, 1989; Grinblatt & Hwang, 1989; Leland & Pyle, 1977) and is 

associated with reduced underpricing (Bradley & Jordan, 2002). Venture capitalists 

rarely sell all of their holdings at IPO (Barry, Muscarella, Peavy, & Vetsuypens, 1990; 

Brav & Gompers, 1997) and their continued involvement has been posited as 

contributing to the credibility of an offer and consequently fulfilling a certification role, 

which is manifested through reduced underpricing (Barry, Muscarella, Peavy, & 

Vetsuypens, 1990; Megginson & Weiss, 1991). While studies of data from the 1990s 

have suggested venture capital backing is associated with increased raw 

underpricing (Bradley & Jordan, 2002; Brav & Gompers, 2003; Francis, Hasan, & Hu, 

2003; Lee & Wahal, 2004), when wealth loss is considered the posited certification 

role remains valid (Dolvin & Pyles, 2006).  

 

Brav & Gompers (1997), Stein & Bygrave (1990), Lange et al (2001), Jain (2001), 

Jain & Kini (1995), Tykvovã & Walz (2007), Rindermann (2003), Bergström, Nilsson 

& Wahlberg (2006), Campbell & Frye (2006) and Ivanov et al (2008) have all 

evidenced a direct association between ongoing venture capitalist involvement and 

superior post IPO long run performance. Further, agency issues and a stable 

ownership structure have been shown to be a material influence on analysts’ 

assessments of IPOs (Brennan & Franks, 1997; Field & Sheehan, 2004; J.-B. Kim, 

Krinsky, & Lee, 1995; Roosenboom & van der Goot, 2005). Thus, the degree of 
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retained ownership, representing ongoing commitment, is likely to be a significant 

factor contributing to any certification role for venture capitalists. 

 

Venture Capitalist Quality 

 

The perceived quality of a venture capital firm will be grounded in its reputation in the 

market, i.e. grounded on the level of its reputational capital. Numerous studies of the 

venture capital industry have studied, directly or indirectly, the quality of venture 

capitalists or proxy measures thereof, such as experience levels, extent of networks 

and specific industry knowledge. The characteristics of venture capital firms that can 

contribute to perceptions of quality include size, age, track record, extent of networks, 

areas of expertise, structure (e.g. independent/corporate) and reputation of individual 

venture capitalists and each of these characteristics has been investigated in terms 

of its impact on investee company performance as proxies of quality (e.g. Engel, 

2004; Gompers & Lerner, 1998, 2000; Hochberg, Ljungqvist, & Lu, 2007; Lerner, 

1994; Maula, Autio, & Murray, 2005; Rosenstein, Bruno, Bygrave, & Taylor, 1993).  

 

Measures of venture capitalist (or firm) quality are usually either based on subjective 

assessments (e.g. Dolvin, 2005; Rosenstein, Bruno, Bygrave, & Taylor, 1993) or 

proxies such as number of IPOs, prior experience as a lead venture capitalist, the 

age of the lead venture capitalist, the size of the venture capital firm or its market 

share (see Barry, Muscarella, Peavy, & Vetsuypens, 1990; Dolvin & Pyles, 2006; 

Gompers & Lerner, 1998), with a combined approach occasionally adopted (e.g. 

Lange, Bygrave, Nishimoto, Roedel, & Stock, 2001). Rosenstein et al (1993) found 

that venture capitalists on boards of investee companies were seen as adding no 

more value than other external directors unless they were from a “top 20” venture 

capital firm, whereupon their contribution was significantly superior. Similarly, Barry 

et al (1990) found reduced underpricing at IPO only where “quality” venture 
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capitalists and underwriters were involved. Dolvin (2005) and Dolvin & Pyles (2006) 

evidenced that higher quality venture capital firms perform a certification role, 

materialising through lower issuance costs and Lange et al (2001) and Stein & 

Bygrave (1990) that higher quality venture capitalists are associated with higher 

returns. Similarly, both Campbell & Frye (forthcoming) and Ivanov et al (2008) found 

higher quality venture capitalists to be more involved in investee companies 

monitoring post IPO, delivering superior performance. Therefore, the perceived 

quality of a venture capital firm is likely to be a significant factor contributing to any 

certification role for venture capitalists. 

 

SUMMARY 

 

Certification of IPO quality is of benefit to new investors through reducing 

informational asymmetries and associated risks (Rock, 1986). Certification is also 

beneficial to pre IPO owners by adding credibility to the offering which is manifested 

in some combination of reduced underpricing and/or higher subscription and 

facilitates a transfer of wealth from post to pre IPO owners. 

 

The model sets a framework for the understanding of the contributors to venture 

capitalist certification. In particular, it facilitates the investigation of the influence of 

four key independent variables, namely, the intensity of involvement, the duration of 

involvement, the level of retained ownership and venture capitalist quality on a 

dependent variable of certification benefit. Accordingly, it encapsulates the volume of 

inputs across two dimensions, namely time (historic duration and ongoing 

commitment) and intensity, with a third dimension of quality to provide a three 

dimensional, dynamic illustration of the contributors to venture capitalist certification 

at IPO. This certification benefit is synonymous with venture capitalist added value as 

perceived by the market and its investigation will contribute to the literatures on 
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venture capitalist involvement/certification/added value and financial analysts’ 

information processing. 
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Changes in Risk of Foreign Firms Listed in the U.S. following Sarbanes-Oxley 
 

I. Introduction 

The Sarbanes-Oxley (SOX) corporate reform legislation was enacted in July 2002, with 

the goals of restoring investor confidence and integrity of the U.S. financial markets through its 

enhanced governance and disclosure provisions.1  At the time of its passage, this law received 

complaints of U.S. economic imperialism because of its applicability to foreign firms listed on 

U.S. exchanges and caused concerns over the possibility that foreign issuers may leave U.S. 

capital markets.2  It is plausible that U.S. legislators chose not to exclude foreign firms due to the 

extraordinary high level of investor anxiety and concerns over accounting practices also 

occurring within non-U.S. firms (e.g., Vivendi in France, Elan in Ireland, Parmalat in Italy, 

Swiss Life in Switzerland).3  Shin (2007) believes the legislators were more concerned with the 

fallout from the Enron and WorldCom scandals than with the prospective complaints from 

foreign listed firms.  Furthermore, Shin (2007) discusses the relatively narrow exceptions 

eventually provided to foreign issuers when they faced conflicting requirements between their 

home country and the U.S. 

In this study, we examine changes in capital market risk measures of foreign firms listed 

in the U.S. that occur following the passage of SOX.  While there have been studies published 

that focus on the impact of SOX on foreign firms (Litvak, 2007; Shin, 2007), these studies have 

not examined the risk implications.  Litvak (2007) finds adverse wealth effects for foreign 

issuers in the U.S. on the expectation of net compliance costs; SOX benefits are not expected to 

                     
1 See Coates (2007) for a discussion of SOX goals and a more complete review of its provisions. 
2 For example, see “Long arm of the U.S. regulator,” in the March 10, 2005 issue of the Financial Times. 
3 Ivaschenko (2004) shows that Canadian firms listed in the U.S. were increasingly risky following Enron’s 
bankruptcy in December 2001.  This finding helps to substantiate that the heightened investor concerns extended 
beyond U.S. firms to foreign firms listed in the U.S. 
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exceed its costs.4  Shin (2007) examines the number of foreign-listed firms in the U.S. and does 

not find a drastic change in the post-SOX period.  Based on these studies, it appears that the net 

costs of SOX to foreign issuers were not sufficient to warrant delisting. 

To the extent that the law has contributed to calming investor fears, investment risk 

would be expected to be lower in the post-SOX period for foreign firms listed in the U.S.  With 

lower risk in the post-SOX period, it can be argued that these firms have received an indirect 

benefit that has not been explicitly considered in these previous studies.  Furthermore, given the 

controversy surrounding the applicability of SOX to foreign issuers, it is useful to assess whether 

foreign issuers achieved some risk reduction benefits in the post-SOX period. 

There have been two studies published that examine the risk shifts in the post-SOX 

period.  Focusing on U.S. firms, Akhigbe, Martin, and Newman (2008) find increased risk in the 

immediate period following the passage of SOX and attribute the increased risk to the mandatory 

nature of the governance and disclosure requirements.  They also report statistics that provide 

some evidence of decreased risk over a longer-term period, possibly reflecting the more 

fundamental effects of the legislation.  Focusing on financial services firms, Akhigbe and Martin 

(2008) show that the increased risk measures in the immediate period after SOX passage and the 

decreased risk measures over a longer time frame after SOX passage vary with governance and 

disclosure characteristics. 

We evaluate the changes in capital market risk measures in the post-SOX period for 417 

foreign firms listed in the U.S. from 47 countries.  Interestingly, we find that capital market risk 

measures increased in the more immediate period following the passage of SOX, which does not  

                     
4 Other studies that have also focused on the wealth effects associated with the legislation for U.S. firms include 
Engel, Hayes, and Wang (2008), Li, Pincus, and Rego (2008), Zhang (2007), Rezaee and Jain (2006), Chhaochharia 
and Grinstein (2007), and Akhigbe and Martin (2006). 
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support the idea that the legislation helped calm investor fears.  However, consistent with 

reductions in investor uncertainty, we find that total risk and unsystematic risk measures 

decreased over a longer-term period of time.  Our cross-sectional analyses characterize these 

longer-term risk reductions that likely reflect the fundamental effects of the legislation.  We 

show that foreign firms considered to be less uncertain at the time of SOX passage experienced 

the greatest risk reductions in the post-SOX period.  It appears the heightened awareness and 

investor focus that occurred in conjunction with the passage of SOX translated into lower capital 

market risk measures for those foreign firms with less uncertainty.  More specifically, we find 

that the risk reductions vary with bid-ask spread, trading volume, tax haven status, governance 

score, leverage and firm size. 

 The remaining paper is organized as follows.  Section 2 discusses the potential risk shifts 

in the post-SOX period.  Section 3 describes the data and methods.  Section 4 reports the 

changes in capital market risk measures, and Section 5 presents the cross-sectional results on the 

risk shifts.  The summary is provided in Section 6. 

 

2.  Potential risk shifts in the post-SOX period 

There has been some past research on the risk implications of the Sarbanes-Oxley 

legislation.  Following Akhigbe and Martin (2008) and Akhigbe, Martin, and Newman (2008), 

we consider shifts in capital market risk measures that may occur in the post-SOX period.  More 

specifically, shifts in i) market risk, ii) total risk, and iii) unsystematic risk are estimated in this 

study and discussed in this section.  To the extent that foreign firms listed in the U.S. are largely 

classified into the same investment category as U.S. firms, we may also find increased risk in the 

short-term and decreased risk in the longer-term in accordance with the findings of Akhigbe, 
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Martin, and Newman (2008). 

2.1.  Market risk 

Based on the theoretical work of Coles, Loewenstein and Suay (1995), it can be argued 

that the impact of SOX on market risk is not straight forward.  They show that as information is 

revealed and investor uncertainty is resolved, betas may increase or decrease as they converge to 

their more appropriate values.  Collins and Simonds (1979) find positive and negative beta shifts 

due to the line of business disclosure regulation that provided more information on operating risk 

to investors.  To the extent that new and credible information is revealed in the post-SOX period 

with its governance and disclosure requirements, market risk is expected to adjust to its more 

appropriate value. 

There are studies that support a positive shift in market risk following the passage of 

SOX.  Jorgensen and Kirschenheiter (2003) develop a model that shows firms are expected to 

have higher market risk with mandatory risk disclosures.  Since SOX includes mandatory 

governance and disclosure provisions, it can be argued that market risk would increase for those 

firms that are expected to disclose unfavorable information that had previously not been 

available.  Additionally, the study by Ivaschenko (2004) finds that Canadian firms that are 

interlisted in Canada and the U.S. had increased market risk following the fraud and bankruptcy 

at Enron.  Ivaschenko believes that negative investor sentiment in the post-Enron period may 

have influenced the betas to rise.  Lastly, John, Litov and Yeung (2005) show that better investor 

protection is associated with high operating income volatility and provide arguments for stronger 

governance leading to riskier but value enhancing investments. 

A reduction in market betas could also be predicted, based on the work of Barry and 

Brown (1985), as firms improve governance and disclosure, and reduce estimation risk.  They 
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theoretically show that firms with relatively little information, thus relatively high estimation 

risk, have higher systematic risk than in the absence of estimation risk.  Furthermore, Cohen, 

Dey, and Lys (2004) find significant reductions in R&D and capital expenditures in the post-

SOX period, which shows reduced risk-taking behavior may result from the increased 

management accountability and criminal penalties established by the legislation. 

2.2.  Total and unsystematic risk 

One prediction is that total and unsystematic risks would decrease after SOX passage, 

since most research finds stronger governance and disclosure are associated with lower total and 

idiosyncratic risks, such as fraud risk and default risk.  Stock price volatility may be reduced 

since disclosure may mitigate uncertainty, reduce information asymmetries, and/or reduce 

heterogeneity of beliefs about the value of the firm.  Focusing on the post-1933 Securities Act 

period with its greater disclosure requirements, Stigler (1964) reports lower variance of common 

stock price ratios for firms issuing new shares and Simon (1989) reports lower variance of 

excess returns.  McNichols and Manegold (1983) find lower return variability for firms as they 

begin to disclose more information via interim financial reports.  Sengupta (1998) reports a 

positive association between the disclosure quality and bond ratings, which indicates that total 

and/or unsystematic risk is perceived to be lower for firms with better disclosure.  Bhojray and 

Sengupta (2003) argue that governance should be positively associated with bond ratings, to the 

extent that governance mechanisms reduce agency risk and/or induce firms to provide timely 

disclosures.  When examining lower-rated bonds, they provide evidence that governance 

mechanisms reduce default risk.  Anderson, Mansi and Reeb (2004) find the cost of debt is lower 

for firms with greater board independence, larger boards, and fully independent audit 

committees. 
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Alternatively, there are arguments in support of a positive association between stock 

volatility and strong disclosure.  Stock volatility may be higher due to a greater flow of 

information that induces price changes, due to more disclosures providing newer data that can be 

misinterpreted, and due to attracting short-term transient investors.  Based on an arbitrage-free 

economy, Ross (1989) theoretically shows that price volatility is influenced by the flow of 

information.  He shows that price volatility is equal to information volatility, otherwise arbitrage 

is possible.  Since prices change in response to information, a greater flow of information may be 

expected to induce greater volatility.  Bushee and Noe (2000) believe that firms with quality 

disclosures attract short-term transient institutional investors to a greater extent than longer-term 

investors, which may explain why they find return variability is positively associated with 

disclosure quality.  Botosan and Plumlee (2002) show that quarterly financial statement 

disclosures are associated with greater stock price volatility, which is consistent with the idea 

that more frequent disclosures attract transient traders that have a volatility-increasing effect.  

Zhang and Ding (2006) similarly document increased disclosure to be associated with increased 

volatility for a sample of Chinese firms.  Thus, it may be expected that increased quantity and 

quality of disclosures are associated with an increase in total risk and idiosyncratic risk 

following the passage of SOX. 

Xu and Malkiel (2003) observe that in recent times, institutional investors dominate the 

market and that there is relatively high turnover in the market.  As a result, they argue that 

institutional trading activities are likely to be coordinated, information will be quickly 

impounded into prices, and volatility will be higher.  Their arguments are reinforced by their 

empirical work that shows idiosyncratic risk is positively related to institutional holdings.  Since 

SOX requires greater and timelier information disclosure, it is plausible that idiosyncratic risk 
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may increase in the post-SOX period due to the external monitoring and trading activity of 

institutional investors. 

 

3.  Sample and risk shift estimates 

We identify 417 foreign firms listed in the U.S. that are required to comply with SOX 

and have the necessary stock return and cross-sectional data available from CRSP and 

Compustat databases.5  Table 1 displays the number of firms by country of origin.  There are a 

total of 47 countries represented in our sample, with the largest representation of foreign issuers 

from Canada, followed by Israel and the U.K.  SOX is applicable not only to the directly-listed 

foreign firms, but also to the 192 American Depository Receipts (ADRs) in our sample as they 

are all level II and III ADRs. 

We estimate changes in capital market measures of market risk, total risk, and 

unsystematic risk that occur between the pre-SOX period and the post-SOX period, where the 

pre-SOX period is defined to be prior to any concrete legislative progress towards reform and the 

post-SOX period is defined to be following its passage.  We examine the risk shifts over a 

shorter-term period using daily stock return data as well as changes over a longer-term period 

using monthly stock return data.  For the shorter-term (longer-term) risk shifts, the pre-SOX 

period is defined as the 100 days (36 months) preceding the first important event in the 

legislative process.  On April 16, 2002, the U.S. House Financial Services Committee voted on 

the Oxley bill, which is arguably the first important event in the legislative process leading to the 

                     
5 All domestic and foreign firms listed in the U.S. with reporting obligations to the U.S Securities and Exchange 
Commission (SEC) are required to comply with the Sarbanes-Oxley legislation.  See Shin (2007) for a discussion on 
the narrow exceptions eventually provided to foreign issuers when SOX conflicts with their home country 
requirements. 
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reform legislation (Akhigbe and Martin, 2006; Litvak, 2007).6  We define the post-SOX period 

for the shorter-term (longer-term) risk shifts as the 100 days (36 months) following SOX passage 

on July 30, 2002. 

We acknowledge there were some countries other than the U.S. who also focused on 

governance regulation, which may make it more difficult or less difficult to detect risk shifts 

between the pre- and post-SOX periods for some firms.  Because some of the foreign firms 

experienced increased home country governance regulation prior to SOX and others experienced 

increased home country governance regulation following SOX, there should be no bias on 

average that unduly influences our results.  For example, the U.K. firms listed on the London 

Stock Exchange have conformed to the governance provisions of the Combined Code and the 

Israeli firms listed on the Tel Aviv Stock Exchange have been bound by The Companies Act 

well before the passage of SOX.  On the other hand, the Canadian legislature amended the 

Ontario Securities Act in 2004, following the passage of SOX, for Canadian firms listed on the 

Toronto Stock Exchange to have similar provisions to those of SOX. 

The risk shifts are estimated for each of the 417 sample firms with the approach recently 

used by Amihud, DeLong and Saunders (2002), Akhigbe, Martin and Newman (2008) and 

Akhigbe and Martin (2008).  The change in market risk that occurs in the post-SOX period is 

estimated as 2β  in the following augmented market model that is generated using OLS over the 

pre-SOX and post-SOX periods:  

tmttmtt eRRR +++= ϕβββ 210     (1) 

                     
6 Zhang (2007) details many events associated with the development and passage of SOX, and not until April 16, 
2002 was it clear that legislators were making progress.  Additionally, Akhigbe, Martin, and Newman (2008) 
provide robustness checks on selecting April 16, 2002 as the pivotal date and show the risk shifts are not unduly 
influenced by confounding events, such as 9/11/01. 
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where, 

Rt  is the stock return at time t,  

Rmt is the return on the CRSP equally-weighted market index at time t, 

tϕ  is equal to 1 in the post-SOX period and 0 otherwise, 

0β  is the intercept, 

1β  is the base market risk over the entire period 

2β  is the change in market risk that occurs in the post-SOX period, and is also equal to  
      βΔ  if market risk were separately estimated with the market model over both the pre-  
      and post-SOX periods (i.e., 2  ()( ββββ =−=Δ Pre)Post ), and 
 
et is the error term at time t. 

The change in total risk, 2σΔ , is the variance of stock returns over the post-SOX period 

minus the variance of returns over the pre-SOX period,  prepost
22 σσ − .  The change in 

unsystematic risk, 2
eσΔ  , is the variance of residuals from the OLS estimation of the single factor 

market model over the post-SOX period minus the variance of residuals from the OLS 

estimation of the single factor market model over the pre-SOX period,  preeposte
2
,

2
, σσ − . 

Table 2 summarizes the risk shift measures.  Panel A (Panel B) reports the risk shifts that 

occur over the shorter-term period (longer-term period).  We provide summary statistics for the 

full sample and for each of the 10 countries that has more than 10 observations in our sample.  

The null hypothesis that the mean (median) risk shift equals zero is evaluated using the 

parametric t-test (non-parametric Wilcoxon signed-rank test). 

In Panel A, across the full sample, we find all three of the risk measures increase 

significantly over the shorter-term period.  This result does not appear to be driven by firms from 

a specific country.  Many of the country subsets show significant increases in all three risk 
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measures.  Only minor variations across countries are found, with some negative and significant 

risk shifts within Israeli and Japanese firms.   In Panel B, across the full sample, we see that total 

and unsystematic risks significantly decline over the longer-term period, while market risk 

increases over this period.  Again, it does not appear that a specific country or group of countries 

is driving the results.  Indeed, the risk shifts are remarkably consistent across the subsets.  Only 

one minor difference is detected, with a negative and significant median market risk shift for 

Israel.7 

Finding increased risk in the more immediate period following the passage of SOX but 

reduced total and unsystematic risks in the longer-term period shows that investors reacted 

similarly to the foreign firms listed in the U.S. as they did to U.S. firms (e.g., Akhigbe, Martin, 

and Newman, 2008).  Table 2 is mainly descriptive and cross-sectional analyses are more 

informative as to the factors associated with the risk shifts of foreign listed firms.  Given that the 

more fundamental effects of the legislation appear to have occurred over the longer-term period 

reported, we concentrate the cross-sectional analyses on these longer-term risk shifts. 

 

4.  Cross-sectional analyses 

With its focus on calming investor fears, the Sarbanes-Oxley legislation emphasizes 

enhancements in governance and disclosures for all firms listed on U.S. exchanges.  The premise 

is that firms with strong governance and disclosure are associated with less uncertainty.  We 

identify several variables that reflect the degree of uncertainty, and evaluate whether the degree 

of uncertainty can explain the cross-sectional variation in the risk shifts of our sample of foreign  

                     
7 It can be noted that the quartile distributions by country in Table 2 shows variation in the market risk shifts.  Some 
firms experienced positive market risk shifts while others experienced negative market risk shifts, which is 
consistent with the work of Collins and Simonds (1979) and Coles, Loewenstein, and Suay (1995). 
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firms.  The hypothesis that we seek to assess is whether foreign firms with greater uncertainty in 

the pre-SOX period experienced greater declines in their capital market risk measures.  We may 

find those firms considered to be more uncertain in the pre-SOX period to have greater risk 

reductions, if the SOX provisions were effective in reducing investor uncertainty.  Alternatively, 

it might be that firms considered to be less uncertain in the pre-SOX period were rewarded for 

their low degree of uncertainty.  As increased scrutiny and concern with governance and 

disclosure intensified along with the passage of SOX, firms with less uncertainty in the pre-SOX 

period may have experienced risk reductions in the post-SOX period. 

It is challenging to gather cross-sectional variables when working with a sample of 

foreign firms from 47 different countries.  Nevertheless, each of the nine variables described 

below reflects some facet of investor uncertainty.  The variables are constructed using data from 

CRSP, Compustat, and S&P Governance databases. 

 Spread.  Microstructure theory identifies asymmetric-information costs, order-processing 

costs, and inventory holding costs as the three main sources of influence on bid-ask spreads.  

Essentially, higher bid-ask spreads reflect greater uncertainty associated with the underlying 

stock (i.e., Copeland and Galai (1983) and Welker (1995)).  Copeland and Galai (1983) show 

that the bid-ask spread is a positive function of return variance of the underlying stock.  Welker 

(1995) reports a negative association between disclosure levels and relative bid-ask spreads.  

Spread is the 36-month average in the pre-SOX period of (ask price – bid price) / ((ask price + 

bid price) / 2) using end of month price data from CRSP. 

 Trading Volume.  There are studies that show stocks with high proportion of trading 

volume have greater uncertainty and also studies that show they have less uncertainty.  While 

finance theory about the impact of uncertainty on trading volume is ambiguous, with some 
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assumptions regarding liquidity trading two models have been developed.  Assuming liquidity 

trading is exogenous and inelastic to price, Kyle (1985) provides a model in which there is a 

positive relation between trading volume and information asymmetry.  In contrast, models 

developed by Admati and Pfleiderer (1988) show that trading volume can decrease when 

information asymmetry increases, if there is time discretion in liquidity traders.  Trading 

volumes are measured as the total number of shares traded over the 36 months in the pre-SOX 

period divided by the total number of shares outstanding as of April 30, 2002 from CRSP. 

 Developing Country.  In general, firms from developing countries are regarded as more 

uncertain.  Developing Country is a dummy variable set equal to one if the firm is from the 

countries of Argentina, Bahamas, Bermuda, Brazil, British Virgin Islands, Cayman Islands, 

Chile, China, Hungary, India, Indonesia, Israel, Liberia, Marshall Islands, Mexico, Netherlands 

Antilles, Panama, Papua New Guinea, Peru, Philippines, Russia, Singapore, South Africa, South 

Korea, Taiwan, and Venezuela. 

 Tax Haven Country.  Firms that are from tax haven countries are likely regarded as more 

uncertain, especially as the corporate wrongdoings were uncovered that led up to the passage of 

SOX.  Tax Haven Country is a dummy variable set equal to one if the firm is from the tax haven 

countries of Bahamas, Bermuda, British Virgin Islands, Cayman Islands, Liberia, Marshall 

Islands, Netherland Antilles, and Panama.  It can be noted that Tax Haven Country is a subset of 

Developing Country. 

Governance Score.  Firms with stronger governance should provide stronger oversight 

that protects shareholders, and may lead to greater certainty.  Indeed, SOX emphasizes enhanced 

governance, presumably with the goals of protecting shareholders and calming investor fears.  

Nevertheless, it can be argued that better investor protection may induce managers to take less 
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conservative investment strategies, leading to a greater degree of firm risk (e.g., John, Litov and 

Yeung, 2005).  Following Litvak (2004), we use the ratings developed by S&P for major public 

companies around the globe that were created in 2001 as Governance Score.  Patel and Dallas 

(2002) describe this score as being composed of three sub-scores – financial transparency and 

information disclosure, board and management structure and process, and ownership structure 

and investor relations.  These ratings are available for only 208 of our 417 sample firms. 

 Firm Size.  Smaller firms are generally believed to be riskier with more uncertain 

outcomes.  However, larger firms are more complex and as a result may be more uncertain, 

especially at the time when the financial statements of large firms, such as Enron and 

WorldCom, were often complex and misleading.  Adding to the complexity of non-U.S. firms 

are business groupings, such as keiretsus, that are prevalent in foreign countries.  Since large 

firms tend to be involved in these business groupings (e.g., Dewenter, Novaes, and Pettway, 

1999), large firms likely have greater complexity and opacity.  Firm Size is defined as the natural 

log of market value of equity using 2001 calendar year-end data from Compustat. 

 Financial Leverage.  A firm with greater leverage is considered to be riskier.  Baxter 

(1967) shows that, due to the potential bankruptcy costs, there may be a positive relationship 

between leverage and cost of capital.  Datta, Iskandar-Datta and Patel (1999) report that higher 

leverage ratio is associated with higher yield spread on initial public straight bond offers.  Datta 

et al. (1999) attribute this result to the higher default risk with higher leverage.  Financial 

leverage is defined as the ratio of total debt to total assets using 2001 calendar year-end data 

from Compustat. 

 Operating Return.  Operating return on assets is a measure of firm performance.  It is 

plausible that stronger performing firms are considered to be less uncertain.  Operating Return is 
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defined as the ratio of earnings before interest, taxes, depreciation and amortization to total 

assets using 2001 calendar year-end data from Compustat. 

 Market-to-Book.  Higher market-to-book ratios might reflect uncertainty since they 

capture greater expected growth and/or greater degree of mispricing.  Relating a firm’s future 

growth options to its market-to-book ratio, Myers (1977) develops a model where a firm whose 

value depends largely on the future growth tends to use less debt financing as it is possible that 

these managers could make investments that are particularly detrimental to bondholders.  

Gompers (1995) reports an increase in expected agency costs with increased growth options in 

the firm.  It is measured as the equity market value divided equity book value using 2001 

calendar year-end data from Compustat. 

Table 3 reports the means and medians of each of these variables.  The mean spread is 

1.9082, while the median spread is 0.2471.  The mean (median) 3-year trading volume as a 

percentage of shares outstanding is 5.18 (3.06).  The proportion of firms from developing 

countries is 73.86%, and the proportion of firms from tax haven countries is 12.95%.  The mean 

(median) governance score is approximately 55 (56).  The mean and median firm size, measured 

as the natural log of market value of equity, is 7.0 and 7.8, respectively.  Financial leverage of 

the average firm in our sample is 51.87% and for the median firm it is 53.36%.  Operating return 

on assets is 6.98% on average, and 9.67% at the median.  The mean (median) market-to-book 

ratio is about 2.48 (1.66). 

 The regression analyses evaluate whether these nine variables help explain the cross-

sectional variation in the risk shifts.  We concentrate on examining the variation in the longer-

term risk shifts, since the fundamental effects of the legislation appear to have occurred over this 

period of time, based on the reductions in total and unsystematic risk shifts documented in Panel 
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B of Table 2.  Table 4 reports the results of the ordinary least squares regressions, using each of 

the three risk shifts measured over the longer-term period as dependent variables.  Two different 

models are estimated, where Model 1 excludes Governance Score because its inclusion 

substantially reduces the sample size and Model 2 includes Governance Score but excludes 

Developing Country and Tax Haven Country.8  Regression coefficients are reported along with 

White-adjusted t-statistics in parentheses. 

The coefficients on Spread are positive and significant for all three risk shift measures 

and for both models, except for Model 2 with the unsystematic risk shift.  This finding indicates 

that more (less) uncertain firms, i.e., those firms with larger (smaller) bid-ask spreads, are 

associated with smaller (larger) decreases in risk.  Trading Volume is found to be negatively 

associated with the risk shifts, but it is significant only with Model 1.  To the extent that heavy 

trading volume is associating with less uncertainty, this finding can also be interpreted as 

showing firms with more uncertainty experienced smaller decreases in risk. 

While we do not find Developing Country to be significant, Tax Haven Country is 

significantly related to the change in market risk in Model 1.9  Firms from countries considered 

to be more uncertain, experienced greater increases in market risk.  The coefficient on 

Governance Score is negative and marginally significantly associated with the changes in total 

risk and unsystematic risk in Model 2.  This provide some evidence that firms with better 

governance, and are arguably less uncertain, experienced greater decreases in risk. 

The coefficient on Firm Size is positive and significant in Model 1 for all three risk shift 

                     
8 Model 2 necessarily omits Tax Haven because with this reduced sample there is no variation in this measure.  
Additionally, we remove Developing Country from Model 2 because its correlation with Governance Score appears 
to interfere with the significance of Governance Score.  When we include Developing Country in Model 2 it is not 
found to significantly explain any of the risk shift measures. 
9 We also adjust the definition of this developing country dummy variable to categorize South Africa, South Korea 
and Singapore as developed countries, and find the same results. 
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measures and in Model 2 for the total risk shift.  If larger firms are more complex and uncertain, 

this finding again shows that the more uncertain foreign firms are associated with smaller 

decreases in risk.  Lastly, the results show Financial Leverage to significantly influence the 

cross-sectional variation in the market risk shifts.  The positive coefficient indicates that those 

firms with more leverage experienced greater increases in market risk. 

The overall conclusion that we can draw from the results in Table 4 is foreign firms that 

are considered to be less uncertain are associated with larger decreases in capital market 

measures of risk.  Instead of finding that firms considered to be more uncertain in the pre-SOX 

period to be associated with risk reductions, we find that these more uncertain firms experienced 

smaller risk reductions than firms with less uncertainty.  Indeed, foreign firms with less 

uncertainty received incremental benefits in the post-SOX period of reduced levels of risk.  

Thus, an important implication for foreign issuers, given the controversy surrounding the 

applicability of SOX to foreign issuers, is that those considered to be less uncertain in the pre-

SOX period were rewarded in the post-SOX period for their low degree of uncertainty.  Our 

results are similar to those of Akhigbe and Martin (2008) who show that larger (smaller) risk 

increases of financial services firms in a post-SOX period occur for those with poorer (better) 

disclosure and governance, where firms with poorer (better) disclosure and governance are likely 

considered to be more (less) uncertain. 

 

5.  Summary 

 All foreign firms listed on U.S. exchanges are required to comply with the Sarbanes-

Oxley Act of 2002 passed by U.S. legislators.  Our main objective is to assess whether the 

foreign issuers experienced changes in risk following the passage of SOX.  We examine whether 
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capital market risk measures changed in the post-SOX period for a sample of 417 foreign firms 

listed in the U.S. representing 47 countries. 

We find an element of good news in the post-SOX period for foreign firms listed in the 

U.S.  The good news is that capital market measures of total risk and unsystematic risk, on 

average, decreased over a 3-year period following the passage of SOX.  Though, the changes in 

risk are found to depend on the length of the horizon over which the risk shift is estimated. 

Our cross-sectional analyses show foreign firms that had less uncertainty at the time of 

SOX passage benefited to a greater extent, as they experienced the greatest risk reductions in the 

post-SOX period.  It appears the heightened awareness and investor focus that occurred in 

conjunction with the passage of SOX translated into lower capital market risk measures for those 

foreign firms with less uncertainty.  That is, they were rewarded for their low uncertainty. 
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Table 1 
 

Sample of Foreign Firms Listed in the U.S. 
 
 
This table displays the country of origin of those foreign issuers with adequate stock return and 
cross-sectional data to be included in the sample.  The list highlights those countries with more 
than 10 sample firms. 
 
 

Number 
of Firms 

  
Country 

   
101  Canada 

 
  44  Israel 

 
  38  U.K. 

 
  23  Bermuda 

 
  19  Japan 

 
  17  Netherlands 

 
  12  France 

 
  12  Chile 

 
  11  Australia 

 
  11  Mexico 

 
129  Remaining 37 Countries 

417  TOTAL 
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Table 2 
Summary Statistics of Foreign Firm Risk Shifts following SOX Passage 

 

This table shows summary statistics for the shifts in total risk, unsystematic risk, and market risk following the passage of the SOX calculated using shorter-term risk shifts in 

Panel A and longer-term risk shifts in Panel B.  The pre- and post- SOX periods include i) 100 days prior to its development and 100 days following its passage in Panel A, and ii) 

36 months prior to its development and 36 months following its passage.  Total risk shift, 2σΔ , is the difference in stock return variances between the pre- and post-SOX periods. 

The change in unsystematic risk, 2
eσΔ , is the difference in error variances that are generated from pre- and post-SOX market models.  The change in market risk is 2β  estimated 

over the pre- and post-SOX periods as follows: tmttmtt eRRR +++= ϕβββ 210  where Rt  is the stock return, Rmt  is the market return, tϕ  is equal to 1 in the post-SOX period and 0 

otherwise, 0β  is the intercept, 1β  is the pre-SOX market beta, and et  is the error term.  ***, **, and * indicates the mean (median) risk shifts are significance at the 1%, 5%, and 

10% levels, respectively, based on the t-test (Wilcoxon signed rank test). 

 

Panel A:  Shorter-term risk shifts 
 
 All Firms Canada Israel UK Bermuda Japan Netherland

s 
France Chile Australia Mexico 

Number of firms 417 101 44 38 23 19 17 12 12 11 11 
Total risk shift ( 2σΔ )            

     Mean  0.0805***  0.0472**  0.1388*  0.1258**  0.0651 -0.0153***  0.0885***  0.2149***  0.0811 -0.0050  0.0179 
     Median  0.0268***  0.0269***  0.0105  0.0303***  0.0153 -0.0145***  0.0954***  0.2216***  0.0209***  0.0052  0.0051 
     Quartile 1 -0.0062 -0.0031 -0.0462  0.0070 -0.0193 -0.0336  0.0256  0.0991  0.0130 -0.0596 -0.0270 
     Quartile 3  0.0950  0.0771  0.1587  0.0911  0.0398 -0.0023  0.1655  0.2840  0.0502  0.0207  0.0721 
Unsystematic risk shift 
( 2

eσΔ ) 
           

     Mean  0.0642***  0.0270  0.1316*  0.1091**  0.0530 -0.0158***  0.0415***  0.1588***  0.0778 -0.0058  0.0052 
     Median  0.0131***  0.0133***  0.0035  0.0186***  0.0061 -0.0166***  0.0330***  0.1487***  0.0133*** -0.0009  0.0012 
     Quartile 1 -0.0106 -0.0100 -0.0459  0.0000 -0.0480 -0.0305  0.0157  0.0429  0.0066 -0.0546 -0.0273 
     Quartile 3  0.0648  0.0611  0.1586  0.0788  0.0205 -0.0004  0.0787  0.2614  0.0512  0.0093  0.0123 
Market risk shift ( 2β )            

     Mean  0.0404  0.1456* -0.3644***  0.0662  0.4265*** -0.6477***  0.2616  0.4063** -0.1151  0.0510  0.0463 
     Median  0.1178**  0.1936*** -0.1420**  0.1341  0.4982*** -0.6267***  0.4132  0.5241** -0.1773  0.2086  0.0362 
     Quartile 1 -0.2946 -0.1162 -1.0955 -0.1693  0.0749 -0.9500 -0.0527  0.0963 -0.3123 -0.1297 -0.3852 
     Quartile 3  0.5039  0.5644  0.2494  0.3399  0.7251 -0.2869  0.7411  0.7598  0.2783  0.7460  0.3300 
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Panel B:  Longer-term risk shifts 
 

 All Firms Canada Israel UK Bermuda Japan Netherland
s 

France Chile Australia Mexico 

Number of firms 417 101 44 38 23 19 17 12 12 11 11 
Total risk shift ( 2σΔ )            

     Mean -1.4648*** -2.0911*** -2.4391** -1.3457** -3.0659*** -1.0410*** -1.0271 -1.2573 -0.0706 -0.4079*** -1.6404*** 
     Median -0.6027*** -0.4107*** -1.9766*** -0.6445*** -1.2524*** -0.6899*** -0.5591 -0.0460 -0.0626 -0.5164*** -1.7069*** 
     Quartile 1 -2.0174 -3.0043 -4.6000 -0.8761 -3.4603 -1.3108 -0.8482 -1.6239 -0.5109 -0.7566 -2.5210 
     Quartile 3 -0.0078  0.0464 -0.5404 -0.0896 -0.5086 -0.4361  0.1395  1.5452  0.1399 -0.1704 -0.6894 
Unsystematic risk shift 
( 2

eσΔ ) 
           

     Mean -1.1087*** -1.6910*** -1.1899 -1.0465** -2.8643*** -0.9824*** -0.8854** -1.0984 -0.0475 -0.2267 -1.2942*** 
     Median -0.5868*** -0.6230*** -1.3712*** -0.6215*** -1.0524*** -0.6647*** -0.6419*** -0.2281 -0.0661 -0.3643** -0.7135*** 
     Quartile 1 -1.6994 -2.5643 -3.3019 -0.9611 -2.5301 -1.1426 -1.0123 -1.2076 -0.3015 -0.6943 -2.3484 
     Quartile 3 -0.0371 -0.0537  0.3649 -0.1015 -0.5868 -0.3802  0.0015  0.8773  0.0487 -0.1329 -0.6683 
Market risk shift ( 2β )            

     Mean  0.1348***  0.0445 -0.2470  0.2210  0.0483  0.1628*  0.5530**  0.4666  0.2241** -0.0299 -0.1657 
     Median  0.2185***  0.2903** -0.2913**  0.1632**  0.2110  0.2146*  0.5483**  0.5166  0.1468**  0.0695 -0.0506 
     Quartile 1 -0.2467 -0.3301 -0.9751 -0.1558 -0.3968 -0.0281  0.3449  0.1302  0.0092 -0.2606 -0.5860 
     Quartile 3  0.6366  0.6886  0.2544  0.5549  0.6546  0.3771  0.9376  1.1178  0.4759  0.3888  0.2880 
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Table 3 
 

Descriptive Statistics for the Cross-Sectional Variables 
 
 
This table presents the descriptive statistics of our proxies for the degree of uncertainty inherent in the sample firm.  
Spread is the 36-month average in the pre-SOX period of (ask price – bid price) / ((ask price + bid price) / 2).  
Trading volumes are measured as the total number of shares traded over the 36 months in the pre-SOX period 
divided by the total number of shares outstanding.  Developing Country is a dummy variable set equal to one if the 
firm is from the countries of Argentina, Bahamas, Bermuda, Brazil, British Virgin Islands, Cayman Islands, Chile, 
China, Hungary, India, Indonesia, Israel, Liberia, Marshall Islands, Mexico, Netherlands Antilles, Panama, Papua 
New Guinea, Peru, Philippines, Russia, Singapore, South Africa, South Korea, Taiwan, and Venezuela.  Tax Haven 
Country is a dummy variable set equal to one if the firm is from the tax haven countries of Bahamas, Bermuda, 
British Virgin Islands, Cayman Islands, Liberia, Marshall Islands, Netherland Antilles, and Panama.  Following 
Litvak (2004), we use the ratings developed by S&P as Governance Score.  Firm Size is defined as the natural log of 
the market value of equity.  Financial Leverage is the ratio of long-term debt to total assets.  Operating Return is the 
ratio of earnings before interest, taxes, depreciation and amortization to total assets.  Market-to-Book is measured as 
equity market value divided by equity book value. The statistics below are based on a sample size of 417, except 
Governance Score is based on a sample size of 208. 
 
 
 

 
Variable 

 
Mean 

 
Median 

   
Spread   1.9082   0.2471 

Trading Volume   5.1835   3.0600 

Developing Country   0.7386   1.0000 

Tax Haven Country   0.1295   0.0000 

Governance Score 54.8995 56.2293 

Firm Size   6.6517   6.6853 

Financial Leverage   0.5187   0.5336 

Operating Return   0.0698   0.0967 

Market-to-Book   2.4794   1.6562 
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Table 4 
Results of Cross-Sectional Regressions on Foreign Firm Risk Shifts 

 
Below are the regression results estimated for models that differ with respect to the risk shifts used as the dependent variable.  All independent variables are same as those in Table 3.  
Regression coefficients are reported along with White-adjusted t-statistics in parentheses.  *** , **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.  
 
 

    ΔΤotal Risk      ΔUnsystematic Risk      ΔMarket Risk  
Variables Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 

Intercept -4.0842 
(-4.89)*** 

-2.8821 
(-2.74)*** 

-2.3703 
(-3.29)*** 

-1.1811 
(-1.57) 

-0.8055 
(-4.08)*** 

-0.8746 
(-3.09)*** 

Spread 0.1961 
(2.52)*** 

0.0902 
(2.28)** 

0.1521 
(1.90)* 

0.0396 
(1.39) 

0.0250 
(3.18)*** 

0.0209 
(1.83)* 

Trading Volume -6.9584 
(-2.17)** 

-2.8515 
(-0.95) 

-4.2347 
(-2.00)** 

-2.4286 
(-1.00) 

-0.9673 
(-1.81)* 

-0.4438 
(-0.69) 

Developing Country -0.0750 
(-0.21) 

 
- 

-0.1118 
(-0.36) 

 
- 

0.1274 
(1.20) 

 
- 

Tax Haven Country 
 

0.0665 
(0.11) 

 
- 

-0.4820 
(-0.83) 

 
- 

0.3635 
(2.68)*** 

 
- 

Governance Score  
- 

-0.0223 
(-1.71)* 

 
- 

-0.0176 
(-1.72)* 

 
- 

0.0039 
(1.15) 

Firm Size 0.3478 
(3.03)*** 

0.3369 
(1.99)** 

0.2097 
(2.01)** 

0.1865 
(1.39) 

0.0878 
(4.47)*** 

0.0581 
(1.43) 

Financial Leverage 0.8139 
(0.86) 

1.3096 
(1.64) 

0.0846 
(0.10) 

0.5190 
(0.89) 

0.4872 
(2.48)*** 

0.7218 
(2.89)*** 

Operating Return 0.1575 
(0.08) 

-1.5462 
(-0.51) 

0.0450 
(0.03) 

-1.8030 
(-0.77) 

-0.0899 
(-0.30) 

-0.0538 
(-0.09) 

Market-to-Book -0.0636 
(-1.50) 

-0.0116 
(-0.47) 

-0.0426 
(-1.58) 

-0.0112 
(-0.61) 

-0.0115 
(-1.11) 

0.0037 
(0.62) 

N 417 208 417 208 417 208 
Adj. R2 0.0688 0.0718 0.0400 0.0286 0.1035 0.0919 
F 4.84*** 3.29*** 3.17*** 1.87* 7.01*** 3.99*** 
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1. Introduction 

Within the European banking industry privately-owned stock banks (POBs) and 

government-owned banks (GOBs) coexist. Although their roots are different, large 

GOBs and POBs have typically evolved to a similar full-service banking model, thereby 

competing in the same markets under the same regulatory framework. Indeed, these 

banks are virtually indistinguishable in terms of their range of activities, being active 

both at the domestic and international level. 

However, government ownership seems to affect firms’ efficiency and profitability. 

As Shleifer and Vishny (1997) point out, while government-owned firms are technically 

“controlled by the public”, they are run by bureaucrats who can be thought of as having 

“extremely concentrated control rights, but no significant cash flow rights”. 

Additionally, political bureaucrats have goals that are often in conflict with social 

welfare improvements and are dictated by political interests. Indeed, there is an 

extensive empirical literature documenting the inefficiency of government firms, the 

political motives behind public provision of services, and the benefits of privatization 

(e.g., Megginson et al. (1994), Barberis et al. (1996), Lopez-de-Silanes et al. (1997), 

Frydman et al. (1999), La Porta and Lopez-de-Silanes (1999)).  

Focusing on the banking industry, Barth et al. (2001), and La Porta et al. (2002) find 

that countries with a larger share of GOBs’ in the banking industry have poorly-

operating financial systems and slower economic growth.  

The evidence about GOBs’ efficiency and profitability is mixed. Several papers 

document that GOBs are relatively less efficient compared to POBs (La Porta et al. 
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 2

(2002), Barth et al. (2004), Beck et al. (2004), Berger et al. (2004), Berger et al. 

(2005)). 

Nonetheless, Micco et al. (2007) examine a large sample of banks from both 

developing and developed countries, finding no significant difference between the 

return on assets of GOBs and that of POBs. Altunbas et al. (2001) focus on the German 

banking industry and find little evidence that POBs are more efficient than GOBs, 

although the latter have slight cost and profit advantages over POBs. Berger et al. 

(2005) find that Argentine GOBs have worse long-term performance than that of POBs. 

Iannotta et al. (2007) study the effect of ownership structure on performance and risk in 

the European banking industry. They compare POBs, mutual banks (MBs), and GOBs 

profitability, cost efficiency, and risk. They find that MBs and GOBs exhibit a lower 

profitability than POBs, in spite of their lower costs. They also document that GOBs 

have poorer loan quality and higher insolvency risk than other types of banks. 

Recently, government ownership of banks has attracted a growing criticism in the 

EU, in particular when it is associated with an explicit government guarantee of banks’ 

liabilities. This is the case for government guarantees on the German Landesbanken and 

savings banks, which benefit from two kinds of public supports: i) the Anstaltslast and 

ii) the Gewährträgerhaftung. The Anstaltslast consists in the responsibility that the 

public owners of the bank (e.g., the Federal State, its regional government or individual 

municipalities) have for securing the economic basis of the institution and its function 

for the entire duration of its existence. This is a maintenance obligation, which does not 

confer rights on creditors. The Gewährträgerhaftung is the requirement that the 

guarantor will meet all liabilities of the bank which cannot be satisfied from its assets. 
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This is a guarantee obligation, not limited in terms of time or amount. In other words, it 

establishes unlimited shareholders’ liability.  

As a result, German Landesbanken and savings banks are protected by market 

discipline and enjoy a competitive advantage vis-à-vis POBs, because of their reduced 

funding costs. 

The European Banking Association, backed by the German POBs, made a formal 

complaint to the European Commission about the legality of this support mechanism. In 

July 2001 the German government and the European Union announced an agreement, 

based on the following principles: i) Gewährträgerhaftung would be abolished after a 

four-year transition period: ii) Anstaltslast would be replaced (after a four-year 

transition period) by a standard relationship between the owner and the financial 

institution, and iii) transitional arrangements will allow (until 2015 year-end) the 

German GOBs to restructure their activities and organization in view of the changed 

legal and economic environment. 

Although the German case is quite a unique example of explicit government 

protection, it is often argued that GOBs in other EU countries benefit from an implicit 

government guarantee. Although not de jure defined, this implicit support would distort 

competition, by subsidizing government-owned banks. In addition to this, this implicit 

protection provides an incentive to risk-taking, increasing banks’ insolvency risk and 

isolating them from market discipline. 

The aim of this study is to address the following main research questions: 

i. Is there a significant difference in the default risk – as reflected in the average 

traditional issuer credit rating - of European GOBs compared to POBs, thereby 
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allowing government-owned banks to enjoy a competitive advantage in the 

issuance of debt securities in the capital markets?  

ii. Is such a difference related to better economic and financial conditions of GOBs 

compared to POBs, or is it the consequence of explicit and/or conjectural 

government guarantees?  

iii. Is there a significant difference in the insolvency risk1 – as reflected in the 

average individual/financial strength rating – of European GOBs compared to 

POBs?  

iv. Finally, is this difference related to different economic and financial conditions 

or can it be associated to other additional factors?  

These questions are addressed by analyzing credit ratings for a sample of European 

banks. More precisely, we look at the impact of government ownership on both 

traditional issuer ratings (an average among Moody’s, Standard and Poor’s and Fitch 

Ratings is used when all of them are available) and individual ratings. Individual 

ratings2, assigned by both Moody’s (Moody’s Bank Financial Strength, MBFS) and 

Fitch Ratings (Fitch Ratings Individual, FRI), differ from traditional issuer ratings in 

that they focus on banks economic and financial conditions and do not take into account 

any external support from banks’ owners, governments or other official institutions. 

                                                 
1 We distinguish between default and insolvency risk. Indeed, while the former is the concept underlying 
traditional credit ratings and refers to the risk that a company’s creditors suffer losses as a consequence of 
a delay in interest or principal payment, debt restructuring or bankruptcy, the latter simply reflects the 
probability that a company’s asset value decreases below its liabilities value, thereby leading to a negative 
equity capital. More generally, a company may be technically insolvent without necessarily ending up in 
default. This may be due different reasons, ranging from the fact that liabilities are mostly long term and 
the fact that the company receives support from its parent company or an external entity such as a 
government or a regulatory agency. 
2 Pasiouras et al. (2006) use individual ratings as dependent variables, but differently from their paper, we 
include ownership structure data at the bank-level as explanatory variables. 
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The empirical analysis indicates that, after controlling for bank characteristics, 

country, and time fixed effects, GOBs have a better average issuer rating than POBs. 

However, this difference is not the consequence of better economic and financial 

conditions, but rather of explicit and conjectural government guarantees. Indeed, 

government-owned banks have a worse individual/financial strength rating, reflecting a 

higher insolvency risk which in turn reflects worse economic and financial conditions. 

This higher insolvency risk of European GOBs also persists when controlling for some 

frequently used accounting variables/ratios reflecting profitability, asset size, liquidity, 

asset quality, and capitalization. This means that GOBs are perceived to be riskier not 

only because of poorer economic and financial conditions, but also because of other 

factors, such as management quality or the temptation to funnel bank loans to inefficient 

but politically desirable projects (Sapienza (2004), Dinc (2005)).  

As a general conclusion, European government-owned banks have worse economic 

and financial conditions compared to privately owned banks, but benefit from a 

government protection mechanism that allows them to enjoy a lower cost of funding in 

the capital markets. These results also hold when German banks are excluded from the 

empirical sample, thus suggesting other European countries’ governments de facto 

protection produces the same effect as German de jure guarantee.  

This paper proceeds as follows. Section 2 presents the methodology of the empirical 

analysis. Section 3 describes the data sources and summarizes sample characteristics. 

Section 4 presents the empirical results and their economic interpretation. Section 5 

concludes by focusing on the on the policy implications of our empirical results. 
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2. Research methodology 

The typical problem in analyzing profitability, cost efficiency, and risk is 

endogeneity. For instance, regressing ROE over leverage may be problematic since 

ROE can affect leverage in the first place (Berger (1995)). Credit ratings simplify things 

as they represent a clear-cut exogenous variable. Our empirical analysis aims at testing 

for any systematic difference in banks’ issuer and individual ratings explained by 

government ownership. Individual ratings represent a synthetic evaluation of a bank’s 

probability of becoming technically insolvent. As such, they reflect a bank’s 

profitability, asset quality, risk, management quality, as well as macroeconomic 

conditions. Issuer ratings represent a synthetic measure of a company’s probability of 

default. They therefore reflect the same information as individual ratings but also 

impound additional information about the potential support coming from an external 

entity such as a parent company, a regulatory agency and/or a local or national 

government.  

We estimate the following ordered logit regressions: 

 

Pr(Rating) = f(GOB, Accounting, Control) + ε 

 

Rating can be either INDIVIDUAL or ISSUER. INDIVIDUAL is the average MBFS 

and FRI ratings converted into numerical scale. ISSUER is the average numerical value 

of the Moody’s (Moody’s Long Term Debt Senior, MLTDS), Standard & Poor’s 

183



 7

(Standard & Poor’s Long Term, S&PLT), and Fitch Ratings (Fitch Ratings Long Term, 

FLT) ratings3. 

GOB is a dummy variable equal to one if any percentage of the bank’s equity capital 

is held4 by either a national or local government and zero otherwise. We use a rather 

broad definition of GOB, including a bank if a public authority is among its 

shareholders, regardless the size of the stake. However we conducted a robustness check 

defining a bank as GOB if a public authority holds at least 25% without finding any 

relevant difference in our results. If GOBs have a higher insolvency risk this variable 

should positively affect the individual rating (i.e., worse rating). However, if GOBs 

enjoy an explicit or implicit form of government protection, then this variable should 

have a negative impact on the issuer rating (i.e., better rating).  

Accounting is a set of accounting variables, which includes: 

INCOME – The ratio of Operating Income to Total Earning Assets. Other things 

equal, a bank’s higher profitability should lead to a better credit rating (negative sign). 

COSTS – The ratio of Operating Costs to Total Earning Assets. A positive sign is 

expected for this variable as a higher value would indicate a lower cost efficiency. 

CAPITAL – The ratio of Book Value of Equity to Total Assets. Equity includes 

preferred shares and common equity. Better capitalized banks have a lower insolvency 

and default risk. This should lead to better individual and issuer ratings5 (negative sign). 

                                                 
3 Table 1 reports rating scales for both individual and issuer ratings. When the average value is not an 
integer, we round to the lower value (less risky). We also tested an alternative methodology based on 
rounding to the higher value and obtained equivalent results. 
4 Either directly or through other entities. 
5 An alternative interpretation relies on the effects of the Basel Accord, requiring banks to hold a 
minimum level of capital as a percentage of risk-weighted assets. Higher levels of CAPITAL may 
therefore denote banks with riskier assets (Iannotta (2006)). 
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SIZE – The log of Total Assets6. As pointed out by McAllister and McManus (1993), 

larger banks have better risk diversification opportunities and thus lower cost of funding 

than smaller ones. In addition to this, the existence of non-financial scale economies 

should allow larger banks to benefit from cost efficiency gains, even if the inherent 

complexity of larger banks may mitigate this effect. As a result, we expect that, other 

things equal, larger banks exhibit relatively better ratings (i.e., negative coefficient 

sign). A larger size might lead to a better rating also because of some too-big-to-fail 

mechanism that acts like an informal guarantee that the state will bear part of the losses 

(and thus partly indemnify bondholders) in the event of a distress. If this is the case, 

then we expect SIZE to be significantly related to issuer ratings, but not to individual 

ones. If, instead, SIZE brings other benefits in terms of a lower credit risk (e.g., because 

of profit diversification, scale economies, etc.), then it should also remain significant 

when individual ratings are analysed. 

LOANLOSS – The ratio of Loan Loss Provision to Total Loans. We use this variable 

to proxy for asset quality7. Other things equal, a poorer asset quality should increase a 

bank’s insolvency and default risk as the likelihood of a decrease in the asset value is 

higher. Moreover, a poorer loan quality typically implies more resources on credit 

underwriting and loan monitoring (Mester (1996)). As a result, we expect LOANLOSS 

to have a positive impact on a bank’s individual and issuer ratings. 

LOANS – The ratio of Loans to Total Earning Assets. Loans tend to generate more 

stable profits relative to other kinds of assets (e.g., securities) thus possibly resulting in 

better ratings. However, loans are also informationally opaque (Morgan (2002), Iannotta 

                                                 
6 In order to have comparable values, we convert the Total Assets of the banks in the sample into euro. 
7 We preferred this variable to the more common ratio of Non-Performing Loans to Total Loans because 
of the lack of data for this ratio. Indeed, the use of the Non-Performing Loans/Total Loans ratio would 
have led to a significant reduction in our sample size. 
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(2006)) hence worsening ratings. As a result, the net impact of LOANS on ratings is 

uncertain. 

LIQUID – The ratio of Liquid Assets to Total Assets. While liquid assets reduce the 

bank liquidity risk, they typically generate a relatively lower return and are less costly to 

handle. Again, the net impact of LIQUID on credit ratings is uncertain. 

DEPOSITS – The ratio of Retail Deposits to Total Funding. On average, retail 

deposits carry a lower interest cost, thus increasing bank current and future profitability. 

This is why we expect a negative effect (better rating) of this variable on both issuer and 

individual ratings. Nonetheless, retail deposits are costly in terms of the required 

branching network, thus worsening credit ratings (positive sign). As a result, the net 

impact of DEPOSITS is uncertain. 

Finally, in order to account for country specific effects and macroeconomic 

conditions, we include the following Control variables: 

D1999, D2000, D2001, D2002, D2003, D2004 – Year dummies. Each dummy 

variable is equal to one if the individual observation refers to the correspondent year and 

zero otherwise8. 

Country dummies9 – Each dummy variable is equal to one if the bank nationality is 

that of the corresponding country and zero otherwise10. 

 

 

                                                 
8 The D1999 dummy variable has been dropped to avoid collinearity in the data. 
9 Country dummy variables are the following (the corresponding countries are reported in parenthesis): 
D_AU (Austria), D_BE (Belgium), D_CH (Switzerland), D_DE (Germany), D_ES (Spain), D_FI 
(Finland), D_FR (France), D_GR (Greece), D_EI (Ireland), D_IT (Italy), D_LU (Luxembourg), D_ NL 
(The Netherlands), D_ NO (Norway), D_PT (Portugal), DE_SE (Sweden), D_UK (United Kingdom).  
10 The D_UK dummy variable has been dropped to avoid collinearity in the data. 
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3. Data sources and sample characteristics 

We use Standard and Poor’s issuer ratings, Fitch Ratings individual and issuer 

ratings, as well as income statement, balance sheet, and ownership information data 

from 1999 to 2004 (inclusive) of European banks from the Bureau van Dijk’s 

BankScope database, while Moody’s individual and issuer ratings have been provided 

by Moody’s. 

We use data from consolidated accounts if available, and from unconsolidated 

accounts otherwise. In order to avoid double-counting, we retain only the top-tier 

multitiered bank holding companies. We focus on the largest commercial banks11 in 16 

European countries12, defined as banks that have total assets of at least (the equivalent 

of) €10 billion in (at least) one of 1999-2004 fiscal year end. Banks that experienced 

mergers or acquisitions are eliminated, resulting in a total number of bank-year 

observations of 1,701 (on average 283 banks per year). Not all these banks have 

individual and issuer ratings. We end up with an unbalanced data set consisting of 224 

banks from 16 countries for a total of 1,058 bank-year observations for which we have 

ratings, ownership and accounting data.  

The bank ownership information is obtained from the section “Shareholder 

Information” in the BankScope database. Since BankScope reports on-line only current 

ownership information, historical shareholder information have been obtained from the 

2000-2003 (December) BankScope CDs. When BankScope’s shareholder database does 

not have enough information to determine whether a bank is government-owned, 

                                                 
11 Investment, trust, and mortgage banks are therefore excluded. 
12 Austria, Belgium, Finland, France, Germany, Greece, Ireland, Italy, Luxembourg, Netherlands, 
Norway, Portugal, Spain, Sweden, Switzerland, United Kingdom. 
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privately owned or a mutual, we gather bank ownership information using additional 

sources. 

Table 2.1 reports the number of banks and the number of bank-year observations 

from each country and for the government-owned banks (GOB) and listed banks (LIST) 

sub-samples, while Table 2.2 reports descriptive statistics for the government ownership 

percentage of the government-owned banks. 

 

4. Empirical results 

4.1. Descriptive and univariate analysis 

Table 3 reports sample descriptive statistics for INDIVIDUAL, ISSUER, and 

accounting variables. Statistics are provided for the entire sample and are also broken up 

into year and countries subsamples, in order to detect any trend or country specific 

effect.  

In Table 4 we perform t-tests for equality of GOB vs POB variable means. We find 

that GOBs exhibit better issuer ratings and worse individual ratings than POBs. While 

the difference in SIZE (expressed as the amount of Total Assets) is not statistically 

significant, GOBs and POBs differ in terms of all the other accountings variables: POBs 

are relatively better capitalized, have a higher percentage of loans (offset by a lower 

percentage of liquidity) and retail deposits than GOBs. In addition, they have a lower 

ratio of loan loss provisions to total loans and, finally, the INCOME of POBs is 3.05% 

compared to 1.85% of GOBs and COSTs are remarkably higher for POBs than for 

GOBs (1.89% and 0.84%, respectively). Thus, even though GOBs are more cost 

efficient, POBs are significantly more profitable.  
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It is worth noting that since the average size of GOBs and POBs in our sample is not 

statistically different, the results of our analysis should not be affected by any too-big-

to-fail mechanism. 

 

4.2. Do issuer ratings vary according to government ownership? 

Column 1 of Table 5 reports ordered logit regressions of issuer rating on GOB. The 

typical GOB is better-rated relative to the typical POB. In other words, GOBs are 

perceived as characterized by a lower default risk by rating agencies.  

Columns 2, 3 and 4 of Table 5 report the results of the same type of regressions 

based on the addition of the accounting ratios as explanatory variables. All accounting 

variables are statistically significant and have the expected sign. Better capitalized, 

larger, more liquid, and more profitable banks have a better rating as shown by the 

negative and statistically significant coefficient of the CAPITAL, SIZE, LIQUID and 

INCOME variable. More cost efficient banks with a better asset quality have a better 

rating as shown by the positive and statistically significant coefficients of the 

LOANLOSS and COSTS variables. Finally, the LOANS and DEPOSITS variables are 

both statistically significant with a negative and positive coefficient respectively. This 

indicates that, other things equal, rating agencies tend to assign a lower risk of default to 

banks with a higher percentage of their total assets invested in loans and a lower amount 

of their liabilities coming from customer deposits. One possible economic interpretation 

of these results is that a higher LOANS ratio is considered as a signal of a future higher 

profitability while a higher amount of deposits tends to be associated to a higher 

vulnerability to customers’ shifts towards more profitable financial assets.     
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What’s more important for the purpose of our analysis is the fact that, while the 

goodness of fit of our multivariate regression significantly improves when the 

accounting ratios are included as explanatory variables (the Pseudo R-square increases 

from 0.46 to 0.626), the result concerning the GOB variable remains unchanged.  

This indicates that the lower default risk of government-owned banks, as perceived 

by rating agencies, is not related to better economic and financial conditions 

(profitability, leverage, liquidity, efficiency, asset quality, etc.) of these type of 

institutions. There are two possible economic interpretations of this result. First, the 

lower default risk of GOBs is related to some “internal” factor that is not fully captured 

by the accounting variables, such as a better quality of these banks’ management or 

their better ability to react to future potential adverse economic conditions. Second, the 

lower default risk is explained by the perceived existence of government explicit or 

conjectural guarantees. Interestingly enough, this result does not change even when 

German banks are excluded from the empirical sample (columns 5 and 6). This suggests 

that, if the second economic interpretation is the correct one, then a government 

protection is perceived even when it is not de jure defined. 

 

4.3. Do individual ratings vary according to government ownership? 

One way to address the above question - whether European GOBs better issuer rating 

is explained by a government guarantee - is to look at banks’ individual ratings. Indeed, 

as these ratings do not take into account any kind of external support, if European 

GOBs were perceived to be less risky because of some intrinsic factor, then they would 

also show a better individual rating. 
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Column 1 of Table 6 reports ordered logit regressions of individual rating on GOB. 

The variable GOB is statistically significant with a positive sign, indicating that the 

typical European government-owned bank is worse-rated relative to the typical privately 

owned one. 

These results not only confirm the first economic interpretation mentioned above, i.e. 

that European government-owned banks lower default risk - as perceived by rating 

agencies - is due to the existence of government explicit and/or implicit guarantees, but 

also indicate that, once analyzed in isolation from their external protection system, 

GOBs exhibit a higher risk of insolvency.  

It is also interesting to note that this result does not change when controlling for the 

different economic and financial conditions, as reflected in the accounting variables 

(columns 2, 3, and 4). Most of the accounting variables are indeed significant with the 

expected sign.  

The SIZE coefficient sign is negative and strongly significant, indicating that, other 

things equal, larger banks are perceived to have a lower risk of insolvency. LOANLOSS 

is positive suggesting that banks with lower loans quality are worse rated. INCOME and 

COSTS are strongly significant with negative and positive signs, respectively, thus 

indicating that a higher net profitability improves individual ratings. CAPITAL and 

DEPOSITS remain statistically significant with the same sign as in the previous 

regressions. However, they loose their statistical significance when the variables 

INCOME and COSTS are included, suggesting that their impact on individual rating 

was related to their effect on the banks’ profitability. 
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Since GOBs receive worse individual ratings than other banks even after controlling 

for accounting information, it is possible to conclude that the higher risk of insolvency 

of government-owned banks compared to privately owned ones is explained by factors 

that go beyond the current banks’ economic and financial conditions (liquidity, 

capitalization, profitability, cost efficiency, asset quality, etc.). In other words, one can 

conclude that, in evaluating a bank risk of insolvency, rating agencies consider some 

features which are not reflected in the past accounting information. This is most likely 

related to factors such as the quality of the banks’ management and, more generally, to 

the fact that, other things equal, government-owned banks’ future prospects are 

considered worst than the privately owned ones. For instance, if rating agencies expect a 

GOB to react differently from a POB in case of an economic downturn, they might 

assign a lower rating to the former, albeit the current observable accounting information 

of the latter is identical. 

Germany is the only country where the effect of the government ownership of banks 

is formally defined. Nonetheless, excluding German banks from the empirical sample, 

results on GOBs are unchanged (columns 5 and 6 of Table 6). Once again, this result 

indicates that government ownership is associated with higher risk of insolvency even 

in countries where the government protection is not de jure defined.  

 

4.4. Robustness checks 

Variations of the specifications reported in Table 5 and 6 were estimated in order 

to assess the robustness of our conclusions concerning the lower default risk and higher 

risk of insolvency of European government-owned banks. 
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First, we use different configurations for the GOB variable (defining a bank as 

GOB if a government entity holds at least 25%) without finding any relevant difference 

in our results. Moreover, results (not reported) do not change by substituting the GOB 

dummy variable with a continuous variable (GOVPERC) defined as the ownership 

percentage held by a public authority. 

In addition, the following two additional accounting variables have been tested: (i) 

TIER1, the ratio of Tier 1 capital to risk weighted assets as an alternative to CAPITAL 

and (ii) COSTINCOME, the ratio of operating costs to operating income. In the first test 

the size of the empirical sample got reduced because of the lower availability of data for 

the sample banks. However, what’s important is that in all of these specifications our 

main results are confirmed.  

Finally, both individual and issuer ratings are affected by macroeconomic conditions, 

which is why we included time and country fixed effects. As a further control, we 

included the national GDP annual growth rate as an explanatory variable. Once again, 

our main results hold. 

 

5. Conclusions 

This study investigates whether any significant difference exists in issuer and 

individual ratings of European banks depending on their ownership structure. We find 

that, on average, after controlling for banks’ main economic and financial conditions as 

proxied by accounting ratios, European government-owned banks receive a better issuer 

rating (i.e., lower default risk) and therefore benefit from a lower cost of funding when 
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issuing debt securities in the capital markets. In addition to that, GOBs are, on average, 

characterized by a worse individual rating (i.e., higher risk of insolvency).  

These results clearly demonstrate that, despite their greater risk - arising from worse 

economic and financial conditions and a worse management quality - GOBs benefit 

from a government protection mechanism. Most importantly, our results also hold in 

EU member states other than Germany, the latter being the only country where this 

government protection is de jure defined. 

These empirical results have some relevant policy implications. Indeed, they indicate 

that a number of large European banks - competing in the same markets where large 

private banks operate - benefit from an unfair competitive advantage and are sheltered 

from the virtuous mechanism or market discipline that has recently been emphasized by 

the third pillar of the Basel Committee New Capital Accord. More specifically, if a 

bank’s default risk, as reflected in its issuer rating, is independent from its intrinsic risk 

of insolvency, then risk-averse investors will not have any incentive in punishing riskier 

GOBs through an increase in their cost of debt funds by requiring higher spreads.   

If European banking regulators really aim at leveling the playing field, safeguarding 

banks’ asset quality, improving the banking industry efficiency and strengthening 

market discipline, then the elimination of the explicit government protection does not 

represent, according to the results of this study, a sufficient condition. Even without an 

explicit public support, banks’ government ownership is perceived as a protection 

mechanism on banks’ liabilities.  

Two alternative solutions appear viable. The first one is represented by a “politically-

credible” EU coordinated explicit abolition of any government’s conjectural guarantee 
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for government-owned banks, i.e., a firm commitment from the European governments 

and authorities that no de facto bailout policy will ever be adopted, such as the one 

incorporated in the U.S. 1991 Federal Deposit Insurance Corporation Improvement Act 

(FDICIA). The second one is simpler and probably more effective: the abolition of 

government-owned banks, realized through a privatization process such as the one 

partly realized by some European countries in the Nineties. 
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Table 1.1 – Individual Rating Scales 

Number 
Rating Type Moody’s Bank Financial Strength 

(MBFS) 
Fitch Ratings Individual 

(FRI) 
1  A A 
2  B+ A/B 
3  B B 
4  C+ B/C 
5  C C 
6  D+ C/D 
7  D D 
8  E+ D/E 
9  E E 

 

Table 1.2 – Issuer Rating Scales 

Number 

Rating 
Type 

Moody’s Long Term Debt 
Senior (MLTDS) 

 

Standard & Poor’s Long 
Term (S&PLT) 

Fitch Ratings Long 
Term (FLT) 

1  Aaa AAA AAA 
2  Aa1 AA+ AA+ 
3  Aa2 AA AA 
4  Aa3 AA- AA- 
5  A1 A+ A+ 
6  A2 A A 
7  A3 A- A- 
8  Baa1 BBB+ BBB+ 
9  Baa2 BBB BBB 

10  Baa3 BBB- BBB- 
11  Ba1 BB+ BB+ 
12  Ba2 BB BB 
13  Ba3 BB- BB- 
14  B1 B+ B+ 
15  B2 B B 
16  B3 B- B- 
17  Caa1 CCC+ CCC+ 
18  Caa2 CCC CCC 
19  Caa3 CCC- CCC- 
20  Ca CC CC 
21  C C C 
22  - D DDD 
23  - SD DD 
24  - - D 
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Table 2.1 – Number of Banks and Observations 
 GOB LIST 

  
Banks Obs. 

Obs. Obs. 
Banks in the sample 224 1,058 160 510 
1999 169 169 24 82 
2000 180 180 28 98 
2001 187 187 27 92 
2002 181 181 28 85 
2003 180 180 28 83 
2004 161 161 25 70 
AT 10 52 5 21 
BE 3 15 0 10 
CH 3 12 5 11 
DE 46 207 99 69 
ES 26 146 0 44 
FI 5 20 0 6 
FR 26 111 7 40 
GR 6 33 12 31 
IE 6 30 0 23 
IT 40 167 14 122 
LU 2 12 6 2 
NL 5 22 0 12 
NO 3 13 5 6 
PT 7 38 6 23 
SE 6 30 1 20 
UK 30 150 0 70 
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Table 2.2 – Government Ownership 

Percentage 
Reported are mean and standard deviation (in 

parenthesis) of Government Ownership Percentage 
(GOVPERC) of Government-Owned Banks (GOBs). 

  GOVPERC 
 Obs. Mean 
 (St. Dev.) 
Entire sample 160 61.42 
  (36.31) 

1999 24 55.37 
 (39.31) 
2000 28 56.07 
 (37.84) 
2001 27 61.13 
 (36.88) 
2002 28 64.27 
 (34.91) 
2003 28 67.14 
 (33.99) 
2004 25 63.92 
 (37.15) 
AT 5 100.00 
 (0.00) 
BE 0 - 
  
CH 5 67.00 
 (0.00) 
DE 99 66.01 
 (37.70) 
ES 0 - 
  
FI 0 - 
  
FR 7 35.07 
 (35.11) 
GR 12 36.24 
 (36.66) 
IE 0 - 
  
IT 14 13.27 
 (26.14) 
LU 6 100.00 
 (0.00) 
NL 0 - 
  
NO 5 74.36 
 (35.10) 
PT 6 100.00 
 (0.00) 
SE 1 19.00 
 - 
UK 0 - 
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Table 3 – Sample Descriptive Statistics 
Reported are mean and standard deviation (in parenthesis) of INDIVIDUAL, ISSUER and accounting variables. 

      INDIVIDUAL ISSUER CAPITAL 
Total Assets 

(ml EUR) LOANLOSS LOANS LIQUID DEPOSITS INCOME COSTS 
  Obs. Banks Mean Mean Mean Mean Mean Mean Mean Mean Mean Mean 

    (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) (St. Dev.) 

Entire sample 1,058 224 3.86 4.85 5.05% 110,564 0.46% 61.73% 25.09% 78.60% 2.87% 1.78% 
    (1.244) (1.861) (2.24%) (168,202) (0.43%) (18.80%) (14.27%) (20.94%) (1.54%) (1.01%) 
1999 169 169 4.09 4.94 5.04% 84,754 0.45% 59.57% 28.31% 80.48% 3.01% 1.87% 
    (1.348) (1.856) (2.57%) (121,953) (0.49%) (18.22%) (14.93%) (21.75%) (1.73%) (1.09%) 
2000 180 180 4.09 4.76 5.01% 100,112 0.39% 60.88% 25.71% 78.17% 2.97% 1.80% 
    (1.296) (1.777) (2.34%) (153,440) (0.37%) (17.83%) (13.80%) (22.35%) (1.76%) (1.05%) 
2001 187 187 3.80 4.82 5.09% 108,257 0.43% 61.37% 25.04% 79.00% 2.91% 1.85% 
    (1.139) (1.810) (2.20%) (171,757) (0.37%) (18.56%) (14.03%) (20.78%) (1.48%) (0.99%) 
2002 181 181 3.81 4.90 5.01% 108,018 0.55% 62.89% 23.93% 78.57% 2.81% 1.82% 
    (1.223) (1.889) (2.07%) (158,549) (0.46%) (19.46%) (14.28%) (20.70%) (1.43%) (0.99%) 
2003 180 180 3.77 4.97 5.06% 119,624 0.53% 63.15% 23.87% 77.29% 2.82% 1.73% 
    (1.236) (1.875) (2.10%) (180,641) (0.43%) (19.08%) (14.01%) (20.27%) (1.44%) (0.97%) 
2004 161 161 3.60 4.67 5.06% 144,755 0.40% 62.44% 23.76% 78.13% 2.67% 1.61% 
    (1.159) (1.975) (2.15%) (209,184) (0.38%) (19.65%) (14.24%) (19.78%) (1.39%) (0.94%) 
AT 52 10 4.22 4.41 4.03% 45,841 0.48% 57.81% 20.70% 63.73% 2.26% 1.43% 
    (0.788) (1.561) (1.24%) (49,029) (0.30%) (11.37%) (12.81%) (25.62%) (0.97%) (0.65%) 
BE 15 3 2.87 3.34 3.36% 344,098 0.21% 42.31% 25.02% 88.60% 2.33% 1.60% 
    (0.667) (1.088) (0.44%) (142,971) (0.12%) (4.50%) (8.12%) (12.87%) (0.76%) (0.62%) 
CH 12 3 2.71 2.93 4.59% 437,697 0.13% 55.29% 38.56% 91.59% 3.16% 2.15% 
    (0.334) (1.149) (1.59%) (444,472) (1.44%) (32.07%) (30.99%) (11.17%) (0.88%) (0.73%) 
DE 207 46 4.55 3.84 2.82% 145,741 0.53% 48.81% 34.09% 59.88% 1.28% 0.82% 
    (1.080) (2.214) (1.26%) (182,712) (0.50%) (17.08%) (13.41%) (25.64%) (0.91%) (0.70%) 
ES 146 26 3.00 5.16 6.97% 49,713 0.45% 69.79% 22.76% 88.78% 3.68% 2.09% 
    (0.804) (1.032) (2.02%) (88,702) (0.25%) (11.02%) (8.92%) (9.06%) (0.97%) (0.60%) 
FI 20 5 3.50 4.76 6.83% 44,239 0.06% 64.85% 22.18% 90.95% 3.22% 1.80% 
    (0.903) (0.704) (2.36%) (50,536) (0.12%) (12.90%) (11.65%) (4.67%) (1.09%) (0.65%) 
FR 111 26 3.83 3.99 3.87% 236,454 0.40% 44.16% 34.54% 83.66% 2.61% 1.81% 
    (1.287) (1.311) (1.42%) (243,474) (0.35%) (22.01%) (17.10%) (19.83%) (1.73%) (1.14%) 
GR 33 6 5.50 8.29 7.65% 25,559 0.85% 57.65% 33.26% 96.41% 4.86% 2.90% 
    (1.016) (1.008) (2.70%) (13,698) (0.27%) (13.14%) (11.48%) (5.69%) (1.34%) (0.56%) 
IE 30 6 3.67 5.43 5.35% 46,263 0.20% 69.16% 20.47% 91.49% 3.26% 1.72% 
    (0.802) (1.212) (1.15%) (34,543) (0.19%) (8.68%) (9.57%) (8.80%) (2.11%) (0.99%) 
IT 167 40 4.57 6.33 6.65% 57,378 0.71% 68.89% 23.51% 74.31% 4.04% 2.76% 
    (1.178) (1.339) (2.13%) (71,485) (0.48%) (9.17%) (7.49%) (11.04%) (9.57%) (0.74%) 
LU 12 2 2.75 3.00 4.07% 35,449 0.20% 22.20% 42.13% 74.03% 1.67% 1.00% 
    (0.261) (1.044) (1.32%) (2,799) (0.43%) (1.08%) (7.25%) (6.72%) (0.77%) (0.31%) 
NL 22 5 2.95 3.80 5.91% 221,955 0.26% 65.03% 11.07% 63.88% 2.69% 1.67% 
    (1.057) (1.804) (1.36%) (249,788) (0.19%) (12.16%) (7.82%) (27.91%) (0.98%) (0.70%) 
NO 13 3 3.42 5.00 6.31% 36,270 0.25% 81.55% 13.12% 78.50% 3.17% 1.92% 

   (0.732) (0.589) (0.81%) (8,504) (0.35%) (5.52%) (4.42%) (4.86%) (0.27%) (0.15%) 
PT 38 7 3.62 5.72 5.40% 36,194 0.59% 75.14% 16.85% 83.97% 3.50% 2.21% 
    (0.775) (0.901) (0.91%) (21,188) (0.24%) (10.04%) (6.22%) (7.20%) (0.49%) (0.39%) 
SE 30 6 3.08 4.65 4.12% 97,976 0.06% 77.48% 20.04% 64.66% 2.23% 1.19% 
    (0.558) (0.729) (0.39%) (45,700) (0.08%) (11.09%) (9.50%) (19.70%) (0.67%) (0.69%) 
UK 150 30 3.26 4.61 4.95% 118,089 0.30% 73.93% 14.53% 94.50% 2.86% 1.67% 
      (1.129) (1.584) (1.14%) (164,326) (0.41%) (14.60%) (13.12%) (5.48%) (1.54%) (0.96%) 
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Table 4 – Bivariate Comparison of INDIVIDUAL, 
ISSUER, and Control Variables 

 GOBs POBs 
 [t statistic] 

ISSUER 3.20 5.14 
 [-9.543]** 

INDIVIDUAL 4.61 3.73 
 [8.482]** 

CAPITAL 3.66% 5.30% 
 [-11.268]** 

Total Assets 111,214 110,448 
 [0.077] 

LOANLOSS 0.56% 0.44% 
 [2.639]** 

LOANS 46.08% 64.51% 
 [-12.197]** 

LIQUID 34.85% 23.36% 
 [9.798]** 

DEPOSITS 75.71% 79.12% 
 [-2.492]** 

INCOME 1.85% 3.05% 
 [-10.854]** 

COSTS 1.19% 1.89% 
 [-8.313]** 

Reported are mean values of INDIVIDUAL, ISSUER, and control variables of 
Government-Owned Banks (GOBs) and Privately-Owned Banks (POBs). The 
value in square brackets is the t-statistic for testing the equality of variable 
means.  
 
Variables are defined as follows: 

INDIVIDUAL the average numerical value of the MBFS and FRI ratings  
ISSUER the average numerical value of the MLTDS, S&PLT, and 

FLT ratings 
CAPITAL the ratio of the book value of Equity to Total Assets  
Total Assets the book value of Total Assets in millions of euro 
LOANLOSS the ratio of Loan Loss Provision to Total Loans  
LOANS the ratio of Loans to Total Earning Assets  
LIQUID the ratio of Liquid Assets to Total Assets  
DEPOSITS the ratio of Retail Deposits to Total Funding  
INCOME the ratio of Operating Income to Total Earning Assets  
COSTS the ratio of Operating Costs to Total Earning Assets  

** and * indicate statistical significance at the 1% and 5% level, respectively. 
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Table 5 - Ordered logit regressions of ISSUER on Government Ownership and 
Accounting Variables 

 
 (All banks) (German banks excluded) 
 (1) (2) (3) (4) (5) (6) 

GOB -2.937** -3.181** -3.637** -3.529** -1.046** -1.279** 
 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

CAPITAL - -3.981 -11.486** -10.227* - -2.735 
  (0.268) (0.003) (0.015)  (0.536) 

SIZE - -0.911** -1.099** -1.085** - -1.369** 
  (0.000) (0.000) (0.000)  (0.000) 

LOANLOSS - - 52.269** 51.775** - 97.388** 
   (0.001) (0.002)  (0.000) 

LOANS - - -3.085** -2.678** - -5.793** 
   (0.000) (0.002)  (0.000) 

LIQUID - - -3.639** -3.523** - -5.115** 
   (0.000) (0.000)  (0.000) 

DEPOSITS - - 2.198** 1.459** - 2.354** 
   (0.000) (0.000)  (0.000) 

INCOME - - - -68.991** - -55.754** 
    (0.000)  (0.000) 

COSTS - - - 120.573** - 92.337** 
    (0.000)  (0.000) 

Pseudo R2 0.460 0.588 0.609 0.626 0.412 0.641 
χ2 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
N 1,058 1,058 1,058 1,058 851 851 

Reported are regression coefficients and p-value (in parenthesis). The dependent variable is the average numerical 
value of the MLTDS, S&PLT, and FLT ratings (when this average value is not an integer number, rounding to the 
lower (less risky) value has been applied). Equations are estimated with standard ordered logit. χ2 denotes the p-
value of the chi-square test for the null hypothesis that all the coefficients jointly equal zero. 
 
Explanatory variables are defined as follows: 
GOB a dummy variable that equals 1 if the bank is a GOB and zero otherwise  
CAPITAL the ratio of the book value of Equity to Total Assets  
SIZE the Log of Total Assets 
LOANLOSS the ratio of Loan Loss Provision to Total Loans  
LOANS the ratio of Loans to Total Earning Assets  
LIQUID the ratio of Liquid Assets to Total Assets  
DEPOSITS the ratio of Retail Deposits to Total Funding  
INCOME the ratio of Operating Income to Total Earning Assets  
COSTS the ratio of Operating Costs to Total Earning Assets  
We also include country and year dummies. We do not report these variables’ coefficients for ease of exposition. 
** and * indicate statistical significance at the 1% and 5% level, respectively. 
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Table 6 – Ordered logit regressions of INDIVIDUAL on Government Ownership and 
Accounting Variables 

 
 (All banks) (German banks excluded) 
 (1) (2) (3) (4) (5) (6) 

GOB 0.673** 0.904** 0.638** 0.861** 0.989** 1.195** 
 (0.004) (0.000) (0.001) (0.000) (0.000) (0.000) 

CAPITAL - -11.936** -16.820** -7.757 - -5.389 
  (0.001) (0.000) (0.075)  (0.241) 

SIZE - -0.765** -0.905** -0.857** - -1.065** 
  (0.000) (0.000) (0.000)  (0.000) 

LOANLOSS - - 67.670** 106.926** - 141.904** 
   (0.000) (0.000)  (0.000) 

LOANS - - -1.505 0.459 - -0.238 
   (0.084) (0.618)  (0.823) 

LIQUID - - -0.712 0.389 - -0.086 
   (0.474) (0.703)  (0.942) 

DEPOSITS - - 1.274** 0.554 - 0.261 
   (0.001) (0.185)  (0.647) 

INCOME - - - -161.566** - -153.600** 
    (0.000)  (0.000) 

COSTS - - - 213.455** - 203.047** 
    (0.000)  (0.000) 

Pseudo R2 0.358 0.466 0.483 0.543 0.363 0.593 
χ2 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
N 1,058 1,058 1,058 1,058 851 851 

Reported are regression coefficients and p-value (in parenthesis). The dependent variable is the average numerical 
value of the MBFS and FRI ratings (when this average value is not an integer number, rounding to the lower (less 
risky) value has been applied). Equations are estimated with standard ordered logit. χ2 denotes the p-value of the 
chi-square test for the null hypothesis that all the coefficients jointly equal zero. 
 
Explanatory variables are defined as follows: 
GOB a dummy variable that equals 1 if the bank is a GOB and zero otherwise  
CAPITAL the ratio of the book value of Equity to Total Assets  
SIZE the Log of Total Assets 
LOANLOSS the ratio of Loan Loss Provision to Total Loans  
LOANS the ratio of Loans to Total Earning Assets  
LIQUID the ratio of Liquid Assets to Total Assets  
DEPOSITS the ratio of Retail Deposits to Total Funding  
INCOME the ratio of Operating Income to Total Earning Assets  
COSTS the ratio of Operating Costs to Total Earning Assets  
We also include country and year dummies. We do not report these variables’ coefficients for ease of exposition. 
** and * indicate statistical significance at the 1% and  5% level, respectively. 
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1. Introduction 

On September 22, 2008, the investment regulatory authority in Australia, ASIC, released a 

press release titled ‘Covered short selling not permitted’, just two days after an earlier press 

released prohibiting naked short selling in the Australian equities market.1  The 

announcement followed similar bans on short-selling, with particular emphasis on naked 

short positions, in U.S. and U.K. equity markets by the SEC and FSA.  Germany, Ireland, 

Switzerland and Canada banned short sales of leading financial stocks and France, The 

Netherlands and Belgium banned the naked short sales of leading financials.   The mandate 

on prohibitive short selling though initially introduced to curb naked short positions on U.S. 

government sponsored enterprises such as Fannie Mae and Freddie Mac was expanded in an 

attempt to curb the volatility of financial stocks, in response to a spate of abusive naked short 

selling which according to former Lehman Brothers CEO Richard Fuld, led to the collapse of 

Bear Sterns and Lehman Brothers.2 

While the effectiveness of the ban on short-sales in the short term is questionable and its 

long term ramifications remain to be seen, the cost of prohibiting short-sales of market 

efficiency seems likely.  Short positions are necessary in allowing investors to confidently 

underweight those securities they do not expect to perform well in the future.  By restricting 

short sales on all stocks, regulatory bodies such as ASIC effectively reduce the ability of fund 

managers to generate excess returns relative to a benchmark, through the use of enhanced 

active equity strategies, also known as constrained-short funds.  

                                                           
1 Both press releases are available on the ASIC website: 
www.asic.gov.au/asic/asic.ncf/byheadline/Short+selling?openDocument   
At the time of writing ASIC is implementing a thirty day ban of naked and covered short sales in order to better 
manage the volatile market conditions. 
2 Testimony of Dick Fuld available on the website of the Committee on Oversight and Government Reform: 
http://oversight.house.gov/documents/20081006125839.pdf 
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Enhanced active equity strategies are employed by wealth management funds as an 

alternative to more conservative buy-and-hold portfolios.  According to a recent report by 

Pension and Investments newspaper, total assets-under-management for active extension 

strategies grew by 77% over twelve months rising to $53bn as of September, 2007.  These 

funds manage portfolios unconstrained by short selling restrictions, allowing their money-

runners to negatively underweight comparatively poor performing securities within their 

portfolios.  Consequently, research by Grinold and Kahn (1997) and Staub (2007) shows that 

fund managers who incorporate short-selling into their portfolio positions increase the 

information ratios of their associated portfolio. 

The 130/30 is one of the most popular examples of an enhanced active equity strategy, 

created by short selling 30% of the value of the portfolio in identified “underperformers” to 

leverage up the weights of the remaining equities in the portfolio.  This leveraging can either 

be focused on a subset of the remaining stocks in the portfolio identified as “outperformers” 

or onto the total set of non-underperforming stocks in the portfolio.  Clearly the performance 

of the 130/30 strategy is a function of how portfolio managers decide in which stocks to over- 

and under-weight their assets under management.  Measuring the relative success of such 

strategies can prove useful to hedge funds or hybrid funds that choose to offer 130/30 type 

strategies to their clientele.3  Alternatively such a strategy may prove to be an olive branch to 

attract a new segment of more risk-averse clients to these funds.  Not happy with the returns 

from an index tracking mutual fund, but not completely comfortable with the risks involved 

when investing in ‘purer’ hedge fund strategies, the 130/30 can attract a larger group of 

investors keen to test the waters of hedge fund investing. 

 

                                                           
3 Hybrid funds refer to mutual funds that run more complex strategies for their clientele base which include 
leveraging, short selling or offering structured products.  Such funds may still be regulated by  
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Academic research into the performance of enhanced active strategies include Sorensen, 

Hua and Qian (2007) and Armfelt and Somos (2008) who document the relative 

outperformance of actively enhanced portfolios compared to long-only investments in U.S. 

equities market.  Johnson, Ericson and Srimurthy (2007) using Russell 1000 and the MSCI 

EAFE equity indices found further evidence that a 130/30 strategy adds substantial value 

over a long-only portfolio without incurring additional, incremental risk.  In contrast, a 

position paper by the Fund Evaluation Group as well as Khandani and Lo (2007) document 

the significant underperformance of quant-based funds post August 2007 in North American 

and European equity markets. 

Active extensions funds have considerable appeal in the Australian equities market given 

the high concentration of stocks in All Ordinaries benchmark, lower regulatory restrictions on 

the amount of leverage that can be employed and a less regulatory market for borrowing 

stocks.  Consequently the ability to underweight most stocks in the Australian market without 

the use of short selling is lower.  Though still in their infancy in Australia, the high uptake of 

similar strategies overseas and high demand for active extension strategies despite the recent 

restrictions imposed on short-sales in local markets points to rapid growth in active extension 

strategies in the Australian market.  Given the relative attractiveness of the 130/30 for the 

Australian market and the lack of previous research in the Australian equities market, there 

exists considerable scope for research into quantifying the benefits of adopting the 130/30 

strategy in the Australian stock exchange. 

This paper empirically tests the performance of two different 130/30 portfolios on the 

Australian Stock Exchange, each one using a separate method to identify stocks in which to 

take long and short positions.  The first is a momentum based strategy identifying stocks in 

which to take long and short positions in based on past returns performance while the second 

uses historic price-to-earnings ratios and earnings estimates to identify stocks in which to 
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undertake long and short positions.  We believe this is the first paper to examine the 

performance of two separate enhanced active equity strategies in the Australian equities and 

to best of our knowledge, the only paper to estimate whether the alpha generated by such a 

strategy is statistically significant.  We further employ out-of-sample Monte Carlo 

simulations in order to test the robustness of our strategies.  Given the relatively high 

concentration of stocks in the S&P/ASX 50 market index, lower regulatory restrictions 

pertaining to short sales and higher feasible leverage compared to U.S. markets, we believe 

active extension funds have considerable appeal in an Australian context.  To the best of our 

knowledge, this is one of the few papers to empirically test the 130/30 strategy in a regional 

market.  Prior studies have benchmarked the strategy against the S&P 500 or a globally 

divested index such as the Russell 1000.  As fund managers turn to emerging markets for 

higher alpha opportunities, examining the viability of such a strategy in the Australian 

equities market, accounting for the implementation costs, is hoped to be a well suited and 

judicious first approach to the problem. 

The remainder of the paper is organised as follows.  Section 2 describes the theoretical 

underpinnings of the 130/30 portfolio, namely how removing the short sales restriction 

enables enhanced active extension portfolios to generate higher returns and information ratios 

compared to long-only portfolios and discusses the motivation for our paper.  Section 3 

reviews the extant literature on enhanced active equity strategies focusing on the performance 

of the 130/30 strategy.  The literature review also provides a brief discussion on the 

performance of the two separate strategies based on which we test our 130/30 portfolios: 

momentum driven and value based driven.  Section 4 covers the methodology used in this 

paper, detailing the construction of the momentum-based and P/E-based in the 130/30 equity 

portfolios, how to estimate the alpha generated by these portfolios and how to evaluate the 

performance of constrained-short strategies against long-only investments.  Section 5 
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summarizes the key results of the paper and Section 6 concludes and presents future research 

directions. 

 

 

2. Theory 

Why does the removal of short-selling restrictions enhance the performance of a diversified 

portfolio?  Long-only fund managers constrained by short-selling regulations, can at best 

underweight poor performing stocks in their portfolio to zero, essentially cashing out their 

position.  Active extension managers in contrast can take a reflect their negative expectations 

of the worst performing stocks by substantially, negatively, underweighting them, thereby 

profiting from the left tail of the returns distribution of the composite portfolio of assets.  A 

fund manager who employs a 130/30 strategy can profit from both her leveraged long and 

short bets on diametrically performing stocks.   

 The surgeoncy of academic interest in active extension strategies has 

coincided with an increase in investor demand for funds employing constrained-short 

strategies.4  For a $1,000,000 investment, the long only manager purchases $1,000,000 worth 

of stocks which are expected to outperform based on an alpha model.  The net investment is 

$1,000,000 with 100% market exposure and a portfolio beta approximately equal to 1.  For a 

130/30 strategy the fund manager purchases $1,000,000 worth of stocks expected to 

outperform based on alpha model, simultaneously shorting $300,000 worth of stocks 

expected to underperform.  Proceeds from the short sales are utilised to purchase an 

additional $300,000 worth of stocks expected to outperform the market. 

 

                                                           
4 Source, Pensions and Investments 2007 
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Active extension funds such as the 130/30 are a hybrid of traditional equity funds with 

long/short equity hedge funds, benefiting from the greater flexibility allowed by short-sales, 

resulting in portfolios with higher information ratio according to Grinold and Kahn (2000).  

Unlike hedge funds which invest in a wide range of assets, active extension funds tend to 

restrict their investments to equities only.  Unlike long/short hedge funds however, active 

extension strategies remain fully invested in the market at all times without resorting to 

market timing strategies to generate excess returns.  Active extension funds also charge 

performance fees in addition to base, management fees which is typically higher than that 

charged by long-only funds.  Figure 1 and Table 1 compare the structure of active-extension 

portfolios to a long-only portfolio and a long-short portfolio structure employed by hedge 

funds. 

 

Figure 1: Comparison of active strategies 
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Table 1: Overview of similar equity active management strategies 

 Long-only 130/30 Market Neutral 

Investment style Relative return Relative return Absolute return 

Benchmark Market index Market index Cash rate/hurdle rate 

Net exposure 100% 100% 0% 

Gross exposure 100% 160% Variable 

Average Beta 1 1 0 

Short-Selling None 30% Variable 

FUM US$63.7t US$53.3b US$2.48t 

Management Fee 30 – 80 bp 60 – 150 bp > 150 bp 

Performance Fee 0% 0 – 20% 15 – 40% 

 

The benefits to portfolio performance from relaxing the short-selling constraints are related to 

the level of benchmark concentration within the equities market.  Benchmark concentration 

refers to the proportion of the index made up with a small number of stocks with large market 

capitalisations.  The benchmark concentration of stocks within the S&P/ASX 50 makes the 

Australian market unique amongst global indices.  Figure 2 ranks the top 50 stocks listed by 

market capitalisation on the ASX ranked from smallest to largest on the horizontal axis. 

From the figure, we see the unique nature of stock concentration of the Australian 

equities market.  The top 13 stocks comprise more than two-thirds of the index and over 50% 

of the S&P/ASX 200 by market capitalisation. Such a display reveals that among S&P/ASX 

50 index consists of a small number of stocks with large weightings and a long tail of 

relatively smaller stocks in the index. 
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Figure 2: S&P/ASX 50 Benchmark Concentration 
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active/complex/secretive enough to be classified as a proper hedge fund strategy – but may be 

used by hedge funds or other wealth managed funds as a pre-packaged product to attract new 

clientele, unsure of whether or not they wish to undertake the risks involved with fully 

investing in a hedge fund.  In this way, such a strategy can be used to attract new clientele for 

hedge funds and other wealth management funds. 

Pursuing an enhanced active equity strategy is not without its disadvantages.  Johnson, 

Ericson and Srimurthy (2007) argue that since the majority of market action takes place on 

long positions, inefficiencies arise from the short positions undertaken by these funds leading 

to possible arbitrage opportunities.  In addition, research by the Fund Evaluation Group 

reveals that many long only managers are reluctant to undertake short selling having little to 

no experience in dealing with naked or covered shorting. 

 

 

3. Literature Review 

Academic research on enhanced active equity strategies and the 130/30 in particular, is still in 

its infancy.  The literature pertinent to our article can be categorised into three subsections.  

The first section reviews the limited work concerning the performance of enhanced active 

equity strategies in general and the 130/30 in particular.  The second subsection discusses the 

performance of momentum-based equity portfolios strategies in global markets while the 

final section provides a brief summary of some of the performance literature on value-based 

strategies, with emphasis on investigating the performance of low P/E ratio stocks. 

 

3.1 The Performance of Active Extension Strategies 

Empirical research on enhanced active equity strategies is still in its primacy having primarily 

focused on the effects of removing short-selling constraints on long-only portfolios, with 
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subsequent research examining the impact of endogenous factors on portfolio performance.  

In line with investor expectations of higher returns arising from the pursuit of more active 

trading strategies, prior literature supports the outperformance of long-enhanced funds over 

their more passive counterparts such as index funds, as a consequence of the removal of the 

short sales restrictions. 

Clarke, de Silva and Thorley (2002) constructed portfolios of stocks using constituents of 

the S&P 500 and ran Monte Carlo simulations to evaluate the effects various constraints 

including: size-neutrality, sector neutrality, value-growth neutrality, the maximum number of 

securities selected and the long-only constraint, on portfolio performance.  The authors 

adduce that the long-only constraint has the most significant impact, despite being one of the 

most ignored restrictions placed on portfolio managers. 

Shortly thereafter, Clarke, da Silva and Sapra (2004) noted that the information ratios of 

equity portfolios could be significantly improved by removing the restrictions of a long-only 

constraint.  Portfolio managers running active extension funds earn higher information ratios 

compared to their long-only counterparts, being better able to exploit ranking signals for the 

composite stocks within their portfolios. 

Managing a short side account as well as a long side account introduces additional short-

selling costs as well as higher management fees associated with active portfolio management.  

Jacobs and Levy (2006) discuss the mechanics of constructing an enhanced active equity 

portfolio including leverage and prime brokerage considerations.  The authors note that 

moving away from a strictly passive index strategy incurs higher turnover and higher 

transaction costs as a percentage of capital.  Investors may also have to incur higher 

management fees as well as costs associated with leveraging.  Despite these additional costs, 

the authors conclude that such enhanced active strategies enhance portfolio performance. 
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Using long-only positions in U.S. large capitalisation stocks and international indices as 

benchmarks, Johnson, Ericson and Srimurthy (2007) found evidence of outperformance by a 

quantitatively based 130/30 strategy over a long-only manager.  Managers who adopt 

enhanced active equity strategies add value on both the long and short tails of an alpha-

generating model. 

Sorensen, Hua and Qian (2007) examined the costs associated with running constrained 

long-short portfolios, such as leveraging costs as well as increased transaction costs related to 

higher turnovers.  The authors concluded that even with the added costs, enhanced active 

equity strategies still deliver superior performance and higher information ratios.  However, 

their analysis was limited given that the costs were calculated theoretically, as a function of 

the underlying information ratio. 

Lo and Patel [2007] propose a passive but dynamic portfolio as an index for the numerous 

130/30 products currently on offer in the market.  They propose an investable as a well as a 

“look ahead” index, where the former uses only prior information and the latter uses realized 

return to produce upper bounds on 130/30 performance.  Gehin (2007) summarises the 

application of the 130/30 strategy within investor portfolios.  He mentions that the unique 

risk-to-reward ratio of these enhanced active equity strategies compared to long-only funds 

makes them medium-risk in type, which lie between long-only and long-short equity funds.  

Funds such as the 130/30 thus require longer track records of observation in different market 

environments before allocating these funds into investor portfolios. 

Predominantly, research on active extension strategies uses historical equity returns to 

identify stocks to undertake long and short positions in.  Armfelt and Somos (2008) examine 

the hypothetical performance of active extension portfolios at various levels of leverage 

relative to the long-only portfolio.  The authors construct 25 Fama-French portfolios formed 
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on size and book-to-market ratios used in the analysis over the historical period from 1927 – 

2007. 

We believe this paper makes a significant contribution to the limited research concerning 

the performance of enhanced active equity strategies by contrasting the performance of a 

momentum and value based approach in the Australian stock market. 

 

3.2 Momentum Based Strategies 

Jegadeesh and Titman (1993) first reported that self-financing trading strategies which buy 

stocks that had performed well in the past twelve months and selling stocks that had 

performed poorly in that period realize significant returns between 1965 - 1989.  Subsequent 

refinements of the basic strategy include incorporating a gap period between the ranking and 

holding periods to avoid contamination of the results by microstructure effects and the bid-

ask bounce.  In order to examine whether the momentum anomaly is restricted to their 

original sample, Jegadeesh and Titman (2001) obtained nine additional years of data and 

perform an out-of-sample test of their original findings.  They find momentum based 

strategies continue to remain profitable over the sample period 1990-1998 with a significant 

monthly return of 1.39%.  Demir, Muthuswamy and Walter (2004) find prima facie evidence 

of momentum in daily returns without accounting for seasonality in their data. 

Two possible explanations for the momentum effect include stock prices under 

reacting to information and herd behaviour amongst investors.  Chan, Jegadeesh and 

Lakonishok (1996) show that stock prices gradually respond to earnings news and that a 

substantial amount of the momentum effect is concentrated around subsequent earnings 

announcements.  Hong Lim and Stein (1999) find that under reaction of stock prices depends 

on analyst coverage which is pronounced with bad news.  Grinblatt, Titman and Werners 

(1995) find the majority of mutual funds purchase stocks based on their past returns and that 
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funds with the greatest tendency to purchase past winners exhibit herd behaviour.  

Lakonishok, Shleifer and Vishy (1992) find evidence of pension fund managers buying or 

selling in herds as well as evidence of herding around smaller stocks. 

In this paper, we adopt the methodology of, among others, Jegadeesh and Titman 

(1993) and Muthuswamy et al (2003) by using the past three months of historical returns in 

order to calculate the performance of momentum based strategies over an eight and a half 

year period from 2000 – 2008. 

 

3.3 Value Based Strategies 

Value based investors from Benjamin Graham to Warren Buffett have advocated the use of 

fundamental analysis in order to identify undervalued (overvalued) stocks in which to 

undertake long (short) positions.  Academic research in value investing arose grew from the 

work of Fama and French (1992) and Lakonishok, Shleifer and Vishny (1994). 

In a controversial paper for its time, Fama and French (1992) dealt a blow to the 

explanatory power of the capital asset pricing model touting the “death of beta”.  Academic 

focus shifted to the ratio of book value to market value of equity and company size as 

important explanatory variables for the cross-section of average stock returns.    Fama and 

French (1992) using the framework of the efficient markets attributed the higher returns 

earned by value strategies to higher associated risk.   

In a survey of the academic literature on value driven versus growth driven empirical 

research, Chan and Lakonishok (2004) found evidence of continued outperformance of value-

driven stocks over growth-driven stocks between 1979 and 2002, without a substantial 

increase in the associated risk of value-based strategies.  The rewards from value investing 

while more pronounced in small stocks remained viable for larger stocks.  The authors argued 
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that a value premium exists tied to patterns of investor behaviour or the incentives of 

professional managers. 

 This work built on earlier research into stock market anomalies.  Basu (1977) found 

evidence of stocks with low P/E ratios having higher average returns compared to stocks with 

high P/Es.  Basu offered a contrarian explanation for this observed anomaly by suggesting 

that low P/E stocks were mispriced as a result of prior over-pessimism in investor 

expectations for future growth of revenues and earnings for low P/E stocks.  Given the mean-

reverting nature of equities over time, Basu suggest that the average returns on such stocks 

will gradually increase. 

Dreman and Berry (1995) expound on work by Basu (1977) by examining the effects of 

positive and negative earnings announcements on high-P/E and low-P/E stocks.  They find 

evidence of asymmetric impact of earnings announcements which favour low P/E ratio 

stocks.  Long term reversion to the mean, whereby the low-P/E stocks show below-market 

results, regardless of the sign of the surprise, continues for at least 19 quarters following the 

news. 

Nair and Tupper (2008) revisit the idea of creating portfolios based on P/E ratios of 

stocks in their “Contenders versus Defenders” portfolio.5  The authors create a short 

extension portfolio by undertaking long positions in stocks with low P/E ratios with 

increasing earnings and short positions in high P/E ratios with decreasing earnings.  The 

stocks identified as contenders outperformed the ASX 100 by 6.2% and the “defender” stocks 

by 10.5% in 2007.  For the purposes of this paper we use an ascetic version of the strategy 

adopted by Nair and Tupper (2008) known as “Contenders versus Defenders” portfolio. 

                                                           
5 This strategy finds practical use as a quantitative investment portfolio offered by Merrill Lynch using global, 
European and Asia-pacific stocks.  
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Alternative approaches to identifying value stocks include Bird and Casavecchia (2003) 

who use rank stocks based on “financial health indicators” combining principal components 

analysis and probit regression analysis to identify undervalued and overvalued stocks. 

 

 

4. Data 

We utilise the constituent stocks of the S&P/ASX 50 as at June 30, 2008.  This index 

represents approximately 63% of Australian equity by market capitalization, typically geared 

towards managers who focus on large cap stocks in leading industries.  In order to be 

considered as a constituent of the Top 50, each stock must be listed on ASX and weighted by 

market capitalisation, assessed based on the average of the previous 6-month day-end float-

adjusted market cap.  To further warrant inclusion in the ASX 50 index, each constituent 

security must have at least a 30% public float.6 

 We employ the historical constituents of the S&P/ASX 50 over the eight and a half 

year period from January 2000 to June 2008.  During this tenure the composition of the 

S&P/ASX 50 experienced changes with several stocks entering and exiting from the market 

index.7  Standard and Poor’s rebalances the ASX 50 benchmark index on a quarterly basis, 

though this may not account for stock mergers, code name changes arising from spin-offs and 

other events which may affect the composition of the ASX 50.  We build a matrix of stock 

prices for all historical components of the ASX 50 taking care to retain holdings of “old” 

constituents until the next quarterly rebalancing period.  Where the stock no longer reports 

prices, we use linear extrapolation to forward estimate the prices of these stocks.  We assume 

                                                           
6 Further information may be obtained from Standard and Poor’s S&P/ASX 50 Website and Factsheet: 
<http://www2.standardandpoors.com/spf/pdf/index/SP_ASX_50_Factsheet_A4.pdf> 
7 We keep track of these stocks and the dates they enter and exit the ASX 50 using IRESS Market Technologies. 
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the portfolio manager sells the old constituent out of the portfolio at the end of the quarter, 

simultaneously purchasing the new constituent stock.s 

 Data on historical adjusted stock close prices, market capitalisation and index 

component weighting is obtained from IRESS Market Technology Ltd (hereafter: IRESS).  

Adjusted close prices are used to appropriate for dividends paid to shareholders, stock splits 

and other share price adjustments over an eight and a half year observation period from 

January 2000 to June 2008.  Historical daily price-to-earnings (P/E) and earnings-per-share 

(EPS) estimates are obtained from Thomson Financial Datastream and cross-checked against 

Bloomberg. 

 

 

5. Method 

The first step in evaluating the relative performance of the 130/30 portfolios and their long-

only counterparts, constructed using the top 50 stocks on the ASX, is to construct momentum 

and value based portfolios.  The momentum driven portfolios identify stocks to underweight 

and overweight based on the historical three month mean daily returns performance of the 

sampled equities.  The second constrained-short strategy involves the construction of an 

enhanced shorting portfolio based on fundamental analysis of the top 50 ASX stocks using 

their P/E ratios and earnings estimates. 

 

5.1.1 Constructing a Momentum Based 130/30 Portfolio of Stocks 

Construction of a 130/30 portfolio begins with the assumption of an initial, nominal portfolio 

value of $A 1,000,000 equally distributed amongst 50 stocks.  The stocks are then ranked 

from best to worst performing based on the three month mean (lognormal) daily return.  The 

ten, worst performing stocks are subsequently sold short by a total amount of $A 300,000 
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which is then reinvested into the remaining 40 stocks.8  For simplicity we assume that each 

stock is short sold by 3% of the value of the total unlevered portfolio, thereby allowing the 

constrained-short fund manager the ability to leverage up total investment in the portfolio to 

$A 1,300,000. 

For each stock i in the portfolio we know the total number of shares at the end of the 

previous month Si,t-1, the price of each share at the end of the previous month Pi,t-1, and the 

total return for the month Rit.  Using this information we follow the methodology of Lo and 

Patel (2008) to compute the net-of-cost monthly 130/30 portfolio total return Rpt as follows: 

 

��� ≡ � ��,�	
��,�	

∑ �,�	
�,�	
�

��,� − TCost� − SCost� − Tax 
(2) 

 

Where ��� is the return on the 130/30 portfolio and the Long-only portfolio, respectively.  

For each stock i in our portfolio we have the following monthly information: the number of 

shares ��,� held at the end of the previous month, the price per share ��,�	
 at the end of the 

previous month, and the total return for the month ��,�, TCostt represents the brokerage costs 

at time t, SCostt represents costs incurred to maintain the short-side of the 130/30 portfolio at 

time t.  For the purposes of this paper we assume constant brokerage costs of 38.5 basis 

points and constant short-selling costs of 90 basis points and no taxes.  The result is a total 

cost of 128.5 basis points for a one way short sale or nearly 1.3% of the value of a trade.9   

                                                           
8 We do not use our momentum data to identify the ten best performing stocks based on historical returns or 
“out performers” thereby leveraging up a portion of our remaining 40 stocks.  The reason for this lies in the 
disposition effect, whereby we believe investors sell off their winning stocks too soon and hold onto their losers 
for longer.  This has no effect on the ultimate leveraged position undertaken by the portfolio – we still have a 
130/30 portfolio. 
9 These rates are obtained through discussions with traders, brokers and market makers in the Australian market.  
Subsequent discussions with Mike McKenzie and a look over Westpac’s short selling order sheet lead us to 
believe that our short-selling costs are higher than average. 
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For comparative purposes we calculate the returns on a cost-free portfolio for the 

130/30 and long-only portfolios respectively, effectively re-writing equation (1) above into its 

reduced form, in equation (2) below: 

 

��� ≡ � ��,�	
��,�	

∑ �,�	
�,�	
�

��,� (3) 

 

Returns are calculated on an initial portfolio value of $1,000,000 which is rebalanced every 

63 trading days.10  Portfolio tracking error associated with such a dynamic portfolio is 

calculated by subtracting the monthly index return from the monthly portfolio total return. 

In ranking the stocks for the 130/30 strategy we assume that a fund manager’s least 

attractive long-only ideas are their best short-selling position.  To this extent we use the three 

month daily lognormal return of the 50 stocks in the portfolio and identify the 10 worst 

performers within.  Each of these ten stocks is equally shorted by 3% to accurately short-sell 

the entire portfolio by 30%. 

 

5.1.2 Constructing a Value-Based 130/30 Portfolio 

To calibrate the performance of the historical returns based 130/30 portfolio we construct 

three benchmark strategies using a long-only position in the S&P/ASX 50 as our fourth 

yardstick.   Our benchmark strategies include an equally weighted portfolio of stocks (EW), a 

value-weighted portfolio of stocks (VW), a portfolio with no short sales allowed (NS) against 

which we measure the returns on the 130/30 portfolio.  The historical performance of these 

five concurrent strategies is examined over the period from January 2003 to December 2007.  

Monte Carlo simulations are then used to forward simulate portfolio returns for the 130/30 

                                                           
10 All prices are quoted in Australian Dollars (AUD) 
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strategy and all four benchmarks over a 12 month period with quarterly rebalancing, to 

compare their relative performance using 200 and then 2000 return paths.  The following 

sections detail the construction of the three of the four benchmark strategies followed by the 

construction of the 130/30 portfolio itself.  The performance of strategies such as the 

historical 130/30 portfolio, relies on the momentum of both long and short positions in the 

portfolio.  Stocks that are identified as being underperformers continue to perform poorly, 

and are thus short-sold into the next period.  In using the three month performance histories 

to identify the assets to be shorted we follow the approach of Jegadeesh and Titman (1993) 

and Muthuswamy et al (2003). 

 

5.1.3 Constructing an Equally-Weighted Portfolio of Stocks 

The first comparative benchmark of the 130/30 portfolio is an equally weighted basket of 

stocks, constructed by holding each of the N stocks in the portfolio in the weighting 1 �⁄ .  

Such a benchmark eschews dealing with the relative size of the constituent assets in the 

portfolio and the evenly distributed weights benefit small cap stocks which tend to earn 

higher returns.  This allows us to test whether the factors on which we are focused: price 

momentum; P/E ratio and increasing or decreasing earnings estimates, help determine the 

performance and significance of alpha generated from the 130/30 strategy. For the purposes 

of this paper, we use the top 50 stocks by market capitalisation listed on the ASX with each 

stock comprising 2.0% of the complete portfolio. 

 

5.1.4 Constructing a No-Short Selling (Long-Only) Portfolio of Stocks 

Using daily adjusted prices of the 50 constituent stocks of the S&P/ASX 50, over the three 

month period from October 2006 to December 2006, we compute daily and continuously 

compounded (lognormal) returns.  We then rank the stocks in the portfolio from best to worst 
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performing based on average daily lognormal return, isolating the worst performing quintile 

of stocks.  The appropriate weight allocated to each constituent stock is determined by 

dividing its market capitalization by the sum of the market capitalisation of all constituent 

stocks on the ASX 50.  Table 1 lists the best performing and worst performing stock 

quintiles, sorted by mean lognormal returns as of January 1, 2007. 

 

[Insert Table 1 here] 

 

The No-Short selling portfolio (NS) is constructed by first sorting the 50 stocks in descending 

order by mean lognormal return.  The weights of the ten worst performing stocks are then set 

to zero, with this weight rebalanced amongst the remaining 40 stocks in the portfolio.  This 

reflects a fund manager who is constrained by short selling restrictions to set the minimum 

weight of poorly performing stocks to zero.  Johnson, Ericson and Srimurthy (2007) argue 

against redistributing the weights into the best performing quintile of stocks, as the best 

performers in one quarter may not necessarily be the top performers in the following quarter.  

The NS portfolio allows fund managers to reflect their negative views on poor performers by 

not holding them.  However, advocates of enhanced shorting strategies argue that negative 

expectations towards poorly performing stocks can be reflected strongly when short sales are 

incorporated into the portfolio.11 

 

5.1.5 The S&P/ASX 50 

The final benchmark used is a simplistic buy-and-hold strategy in the S&P/ASX 50.  This 

index is comprised of the 50 largest index-eligible stocks listed on the ASX by float-adjusted 

market capitalization.  The index is float-adjusted with securities that are highly liquid and, 

                                                           
11 We note the implicit assumption here that those stocks that have performed poorly in the preceding quarter 
are assumed to perform poorly in the subsequent quarter. 
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therefore, institutionally investable.  The S&P/ASX 50 represents both the large cap and mid 

cap stocks, covering approximately 74% of Australian equity market capitalization.  We 

assume an initial investment of $A 1,000,000 made in the S&P/ASX 50 in January 2000 and 

follow the quarterly returns on this investment through to June 2008.  

 

5.2 Monte Carlo Simulation 

In order to test the robustness of the momentum based 130/30 portfolio we apply Monte 

Carlo simulations to create out of sample results for our enhanced active equity strategy and 

three benchmark strategies: an equally weighted portfolio, a long-only portfolio and the 

S&P/ASX 50.  Portfolio returns of the 130/30 and the benchmarks described above, with the 

exception of the S&P/ASX 50, are computed using Monte Carlo simulations. For each 

portfolio comprised of 49 stocks, we assume the assets are correlated and that stock prices 

follow a Geometric Brownian Motion.  In order to generate GBM based price paths we utilise 

historical price data of the 50 stocks collected by IRESS market technology.   

We use three month historical price data from March 31, 2008 to June 30, 2008 in 

order to compute returns allowing use to calculate the associated means, standard deviations 

and variance-covariance matrix for the 50 stock portfolio.12  Using a Cholesky 

Decomposition to factorize the variance-covariance matrix, we generate 50 correlated asset 

price paths.  Using Ito’s formula to determine the price of each asset at time St allows us to 

generate price paths for each of the 49 constituent stocks, which we weight depending on the 

portfolio we simulate in turn: the 130/30 portfolio; the no-short sales portfolio; the equally 

weighted portfolio and the basket-weighted portfolio. 

We simulate forward asset price paths for each of the constituent stocks, 63 trading 

days into the future.  After the first three months we compute historical means and the 

                                                           
12 We compute 49 means, 49 variances and a 49x49 variance-covariance matrix. 
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returns-correlation matrix again.  The 50 stocks are once again ranked by their historical 

mean returns performance over the 63 day period and sorted into the 130/30 portfolio and the 

three benchmarks.  We Cholesky decompose the historical returns correlation matrix and 

multiply it to a matrix of uncorrelated Gaussian random numbers.  Once a correlated series of 

random variables is obtained we can forward simulate the asset price paths with the 

‘rebalanced weights’ for the next 63 trading day period. 

Beginning with an equally weighted fifty stock portfolio  with our initial weights 

obtained from actual historical three month period from April 1, 2008 to June 30, 2008 we 

use three subsequent rebalancing periods to simulate forward the price paths of each of the 50 

stocks over the course of a one year period.  

 

5.3 Model Estimation 

In order to estimate the alpha generated by the 130/30 portfolio we regress the returns 

generated by the 130/30 portfolio and the long-only portfolio against three separate factor 

models: the CAPM, the Fama-French (1992) three factor model and the Carhart (1997) four 

factor model.  The regression models estimated are equations (3) and (4) below: 

. 

����

� /� (#) = &
� /� (#) + � ()


� /� (#)*)�

+

,-

+ .� (4) 

 
and 

����
/0(#) = &/0(#) + � ()

/0(#)*)�

+

,-

+ .� (5) 

 

where (1) is in turn, a momentum based portfolio or an P/E based.  ���
� /� 
is the excess 

return on the 130/30 portfolio, ���/0 is the excess return on a portfolio with no short sales 
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allowed (long-only).  *, represents the returns on factors including the excess market return, 

the Fama-French size (SMB) and book-to-market (HML) factors and Carhart’s momentum 

factor (UMD).  Prior research has shown that the last three factors in particular capture most 

of the anomalies of Sharpe’s (1964) single-factor CAPM.  These additional factors are 

included to avoid rewarding managers for simply exploiting these anomalies.  () is the 

sensitivity coefficient of each of the factors and finally,  &
� /� (#) and &/0(#) represent the 

estimated alpha’s from three alternate 130/30 and No-Short Sales portfolios.   

 

5.4 Portfolio Performance Evaluation 

In order to measure the relative performance of the momentum and P/E ratio based 130/30 

portfolios, we use several risk-adjusted performance measured based on mean-variance 

criteria.  These active management performance measures based on seminal work by Treynor 

(1966), Sharpe (1966), Jensen (1969) as well as Grinold and Kahn (1999) have been used to 

rank mutual fund performance.  The measures used to evaluate the relative performance of 

the enhanced active short extension portfolios and their no-short sales counterparts include 

Tracking Error (TE), Information Ratio (IR), the Sharpe ratio, the Treynor ratio and Jensen’s 

Alpha.  The last three measures in particular arrived soon after the development of the Capital 

Asset Pricing Model and recognised the implications of the CAPM for rating fund 

performance. 

We provide a brief overview of the five portfolio performance measures used in this 

paper, including three CAPM based risk-adjusted performance measures for a portfolio.  

Results of these measures run on the eight portfolios in this study are presented in Table 7 

and discussed in the results section. 

 

a) Sharpe Ratio: S =  (��� − ��2) 3�⁄  
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Divide the average portfolio excess return over the sample period by the 

standard deviation of returns over that period.  It is a measure of risk to (total) 

volatility trade-off. 

b) Treynor Measure: T =  (��� − ��2) (�⁄  

Similar to the Sharpe ratio, the Treynor measure measures the excess return 

per unit of systematic risk as measured by portfolio beta. 

c) Jensen’s Alpha: &� = ��� − 4��2 + (�5��6 − ��278 

Jensen’s measure is the mean return on the portfolio over and above that 

predicted by the CAPM given the portfolio beta and average market excess 

return. 

d) Tracking Error: 359�7 = :∑ (�� − �;)<=�-
 � − 1⁄  

Also known as the active risk of a portfolio, the tracking error measures how 

closely a ‘tracking’ portfolio RP follows a benchmark portfolio RB, which may 

or may not be the market index.  It is determined by calculating the standard 

deviation of the difference in the portfolio and benchmark returns over time. 

e) Information Ratio: IR = &� 359�7⁄  

The information ratio is obtained by dividing the alpha of a portfolio by its 

tracking error.  It measures abnormal return per unit of non-systematic risk.  

The higher the information ratio of a portfolio the higher its active return is 

over the benchmark return. 

The results of these measures of active portfolio performance may be found in Table 8. 
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6 Results 

 

We now present the results of the performance analyses conducted on the enhanced active 

equity portfolios, their long-only benchmarks and comparative buy-and-hold portfolios, with 

and without incorporated brokerage and short-sales costs.  We examine the historical 

performance of the quant and value-based strategies and their long-only counterparts with 

associated brokerage and short-selling costs over an eight and a half year period and estimate 

whether the alpha generated is statistically significant relative to several factor models.  

Applying Monte Carlo simulations, allows us to examine the out-of-sample performance of 

the momentum driven 130/30 strategy and its long-only counterpart.13 

 

6.1 Momentum Driven 130/30 Portfolio 

6.1.1 Results of Historical Look back Analysis 

The performance of the equally weighted 130/30 strategy is measured against three 

benchmark portfolios: a naive buy-and-hold investment in the S&P/ASX 50, an investment in 

a long-only equally weighted portfolio comprising of the top 50 stocks listed on the ASX, and 

finally a portfolio comprised of the top 50 stocks on the ASX with no permitted short-selling 

constructed, but permitted zero weighting.  The results of the quarter by quarter performance 

of the above portfolios are presented in Table 2: 

[Insert Table 2 Here] 

The results of back-testing the equity based strategies illustrate that on a quarter-by-quarter 

basis, the enhanced active equity strategy outperforms all other benchmark strategies from 

                                                           
13 Monte Carlo simulations allow us to generate the returns of momentum based strategies easily as we can 
simulate forward stock prices given returns data and the covariance matrix.  Far more difficult is the simulation 
of P/E ratios and earnings estimates as these cannot be assumed to follow GBM. 
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January 2000 to July 2008.  Along the left-most column are displayed the last month of each 

quarter under which the performance of the fund was back-tested.  So the row ‘June 2003’ 

represents the returns of the 130/30 strategy and comparative benchmarks between March 1, 

2003 and June 30, 2003. 

In March of 2002, 2004 and 2005, the momentum driven 130/30 strategy out earns 

each of the four benchmarks by more than tenfold.  The exceptional performance of the 

strategy in the last quarter of 2004 where it earned 37.890% compared to the ASX 50 return 

of 9.965% can be explained by the continued poor performance of the worst performing 

stocks, and thus the stocks which were consequently short-sold, identified at the end of 

September 2004.  Continuing to short these stocks over the next 63 days proved extremely 

lucrative towards the overall performance of the portfolio in the following quarter.   

Supporting Khandani and Lo’s (2007) claim of lacklustre post-subprime performance 

of enhanced active equity strategies we find the momentum driven 130/30 posts its worst 

quarter loss of -5.122% in period between January and March 2008.  We note however 

despite this negative return, the strategy outperformed the S&P/ASX 50 which earned a loss 

of -15.576% between January and March 2008.  In the subsequent quarter the 130/30 

rebounded posting a positive return of 10.121% on a $1,000,000 portfolio thanks to the 

continued underperformance of its short positions while a similar investment in the ASX 50 

would have suffered a loss of -1.626%.  We do find evidence of the 130/30 strategy 

underperforming in bear markets such as the quarters ending in September 2001 and 

September 2002.  However, these down quarters are usually followed by an upturn in 

portfolio returns as seen in December 2001 and December 2002.  This reversal of fortune 

may be attributed to the short positions identified in the portfolio continuing to underperform 

into the next quarter.  Jegadeesh and Titman (2001) and Muthuswamy et al (2003) both note 

that negative earnings announcements affect the lower tiered stocks in their momentum 
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portfolios for several consecutive periods resulting in continued underperformance of the 

worst performing stocks.  

Table 3 summarises the performance of the above strategies displaying the 32 quarter 

mean return, median return, minimum and maximum returns, standard deviation of returns, 

skewness kurtosis as well as the Jarque Bera normality test statistic.   Results are presented 

accounting for brokerage and short-selling costs along with summary statistics to the two 

benchmark strategies. 

[Insert Table 3 Here] 

From our table it is clear that a 130/30 strategy earns an impressive 13.468% quarterly 

return over the eight and half year period from January 2000 to June 2008, compared to the 

S&P/ASX 50 which earns an annual return of 1.417% an equally weighted long-only strategy 

which earns a mean return of 2.656% and a momentum driven long-only portfolio which 

earns a mean return of 7.548%.  This interval of observation include the dot-com bust of the 

early twentieth century, the attacks of September 11, 2001, the bear markets of 2002 and 

2003, the Bush boom years of 2004 onwards and the subprime crisis market of August 2007 

to present.  As expected the higher return associated with the enhanced active equity 

strategies come at the cost of higher risk as measured by standard deviations.  We believe that 

this volatility in the 130/30 as well the volatility in the benchmark indices would be 

substantially reduced without the recent market turmoil post August 2007.  Our Jarque Bera 

test statistics indicate that the returns followed by the momentum based 130/30 and its no 

short sales counterpart are relatively normal although the same cannot be said of the ASX 50. 

The results of our look-back analysis illustrates that a limited shorting strategy similar 

to the 130/30 is particularly effective in a benchmark as concentrated as the S&P/ASX 50.   A 

momentum driven strategy which shorts the worst performers in the previous quarter, 

redistributing said short sales to leverage up the best performers, should outperform long only 
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portfolios by way of being able negatively underweight manager expectations for poor equity 

performers.   

In order to corroborate the results of our look-back analysis on the performance of the 

130/30 strategy we use forward looking Monte Carlo simulations to determine how a short 

extension fund strategy performs in relation to passive benchmark strategies over a one year 

period, with quarterly rebalancing in section 6.1.3.  Before moving onto our simulations 

however, we examine whether the alpha generated by the momentum driven 130/30 portfolio 

is statistically significant. 

 

6.1.2 Evaluating the Alpha of a Momentum-based 130/30 portfolio using Factor Models 

The results of estimating the returns from a momentum driven 130/30 as well as a No-

Shorting portfolio with and without brokerage and short-selling costs incorporated are 

presented in table 8.  From the table we find that the quarterly alpha generated by the 

strategy, pre- and post- shorting costs and brokerage costs is highly significant at the 1% 

level.  We find, not surprisingly, that estimating the 130/30 by the CAPM model has an 

extremely high adjusted R2 of 0.591 without any associated costs.  What is more interesting is 

that once we incorporate brokerage and shorting costs into the portfolio, the adjusted R2 of 

the single index model increases to 0.61.  Estimating the regression of the returns of the 

130/30 portfolio against the Fama and French (1992) three factor model, leads to slightly 

lower explanatory power while still providing significant alpha.  Table 7 also shows that the 

quarterly alpha generated using the 130/30 portfolio is nearly double that generated by the 

portfolio with restricted short-selling, both including and excluding brokerage and short-

selling costs.  Concentrating on the 130/30 portfolio with incorporated costs, we find 

evidence of a significant average quarterly alpha of 11.7% against the CAPM over an eight 

and a half year (thirty two quarter) period.  This is double the significant alpha generated by a 
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long-only portfolio estimated against the CAPM over the same period (5.8%).  We find the 

average alpha of the 130/30 strategy increasing to 12.6% per quarter when estimated by the 

Carhart four-factor model.  Our Fama-French size and value factors are not significant 

variables in explaining the performance of the momentum based 130/30, but we find the 

Carhart UMD factor to be slightly significant.  The negative sign is interesting, in that it 

indicates the strategy benefiting from the momentum within the worst performing stocks.  

This effect is not picked up in the long-only portfolios.  Finally, Table 4 illustrates the size of 

alpha generated by the momentum strategy is lower once brokerage and short-selling costs 

are incorporated. Our factor models seem to have a substantial explanatory power with 

average adjusted R2 for our cost-inclusive 130/30 approximately 61.566%. 

 Table 8 allows us to compare several actively managed portfolio characteristics of the 

130/30 portfolio and it’s no short-sales counterpart.  We find that when comparing tracking 

error, information ratio and Jensen’s alpha of cost-incorporated momentum driven 130/30 

portfolios and their no-short sales counterparts, the 130/30 portfolios have higher tracking 

error, information ratios and Jensen’s alpha.  This confirms the argument for short-sales a 

means of increasing the active return earned by an investment manager. 

 

6.1.3 Results of Forward Simulation Analysis 

To ensure robustness in our results concerning momentum driven enhanced active equity 

strategies we test the robustness of our results concerning momentum driven 130/30 strategy, 

we employ out-of-sample Monte Carlo Simulations to test the performance of such a strategy 

over a one year period with quarterly rebalancing.  Table 3 and Figure 1 present the results of 

running 200 Monte Carlo simulations on four different portfolios comprised of 49 of the top 

50 stocks listed on the S&P/ASX 50.  From both Table 3 and Figure 1 it is clear, that with the 
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exception of the first rebalance period, ending in March, the 130/30 portfolio outperforms the 

three benchmark strategies.  At the end of the first three month period, our simulations 

suggest that an equally-weighted portfolio should outperform all other strategies, with the 

130/30 strategy being the worst performing strategy of the four.  These underperformance is a 

short-term phenomenon as the 130/30 strategy goes on to become the best performer in the 

remaining three quarters.  With the exception of the final quarter however, the equally 

weighted strategy continues to perform well. 

Table 4 and Figure 2 displays the results of running 2000 Monte Carlo simulations of 

the momentum driven 130/30 strategy, including brokerage and short-selling costs, versus 

three benchmarks over a one year period with quarterly rebalancing.   Running longer 

simulations demonstrates the continued outperformance of the 130/30 strategy against the 

three benchmarks strategies.  The constrained-short strategy earns an annualized mean return 

of 24.4%, out-earning the equally-weighted strategy’s mean return of 22.76%, the annualised 

mean return on the ASX 50 of 20.8% and the return on the no-shorting (long-only) strategy 

which earns a mean annualised return of 21.6%.  Both sets of simulations show the equally-

weighted strategy performing relatively well in comparison to the other benchmarks.  

However, the 130/30 manages to outperform this strategy over the course of the year, doing 

particularly well in the 6 to 9 month period. 

Looking over the results of both 200 and 2000 simulations the 130/30 portfolio 

particularly shines in terms of outperformance over the last two rebalancing periods of the 

simulation period.  Table 4 shows the mean return on the 130/30 strategy between the 6 to 9 

month interval is over 1000 basis points greater than the long-only portfolio strategy.  In 

contrast, between the 9 to 12 month interval the 130/30 achieves a more modest 3% per 

quarter outperformance over the No-Short sales strategy, lending credence to implementation 

of such an active-extension strategy in the Australian equities market.  It seems worthy of 
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note that such an outperformance is achieved by a naive strategy which that simply identifies 

which stocks to take long and short positions in based on their historical performance in the 

preceding three months. 

Tables 3 and 4 also present the minimum and maximum expected returns of the 130/30 

strategy and comparative benchmarks.  Not surprisingly, the 130/30 strategy yields higher 

maximum three month returns and lower minimum returns compared to the benchmarks 

portfolios.  The highest returns are a by-product of the leveraging involved and the limits of 

leveraging curb the upside potential of such a strategy.  Conversely, short selling has 

substantial downside risk and negative price movements in the equity portfolio can 

theoretically lead to limitless losses.  As Table 4 shows, in the second rebalancing period the 

largest negative expected return of simulations of the 130/30 was -199.5%, nearly three times 

the loss incurred by any other strategy.  Our simulations indicate that while the mean return 

of the 130/30 strategy is higher than the returns on the comparative benchmarks the risks 

associated with the strategy are much greater. 

We make one final caveat regarding the performance of the 130/30 strategy in our 

simulations.  We have assumed in our analysis that the historical mean returns and volatility 

of the fifty stocks in our portfolio remained constant on year into the future.  Since the 

historic moments and covariance matrix were calculated from a three month sample of equity 

returns between March 2008 and June 2008 we believe these initial values to be 

uncharacteristically high.  Since August 2007, global markets have been highly volatile and 

returns generated using drawn samples from this period are expected to have a higher than 

normal mean and variance.  However, since we also generate benchmark portfolios based on 

equity returns from this period, we believe our results will suffice for comparative purposes. 

 

6.2 Value (P/E) Based 130/30 Strategy 
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The second iteration of the 130/30 strategy we test, identifies stocks in which to take 

corresponding long and short positions based on relatively simplistic fundamental analysis.  

We use the Merrill Lynch approach of identifying fundamental driven undervalued and 

overvalued stocks in their eponymous “Contenders and Defenders” portfolio.  Portfolios with 

large P/E ratio and decreasing earnings estimates are indentified as “defenders” in which we 

undertake short positions.  The proceeds from taking short positions in the defenders are used 

to leverage up the remaining stocks in the portfolio. 

 

6.2.1 Results of Historical Lookback Analysis 

The two right-most columns in Table 2 detail the quarter by quarter performance of the value 

based 130/30 strategy and its no-shorting (long-only) counterpart.  Unlike the momentum 

driven 130/30 which outperformed the benchmark strategies in nearly every quarter, the 

performance of the value based strategy fluctuates considerably.  The performance of the 

strategy is exceptionally poor during the bear markets of 2002 and early 2003.  The value 

based 130/30 outperforms all other strategies in the first two quarters of 2004.  Subsequent 

poor performance occurred in the post-subprime markets from the quarters ending September 

2007 to June 2008.  The P/E based 130/30 also outperforms its no-short sales based 

counterpart. 

Examining table 3 we find the mean and median quarterly returns generated by the 

value based strategy is slightly higher than those generated by buy-and-hold strategies in the 

S&P/ASX 50 and an equally weighted long-only portfolio.  The volatility of such a strategy 

is higher compared to the benchmark portfolios while lower than that posted by the 

momentum based 130/30.  We note that the returns for the value based 130/30 and its no-

shorting counterparts are not normally distributed.  The historical minimum return generated 
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by the value based 130/30, -20.168%, is far lower than the minimum return posted by the 

S&P/ASX 50. 

 

6.2.2 Estimating the Alpha of a value-based 130/30 portfolio using Factor Models 

Table 7 presents the results of a brokerage and short-selling cost inclusive P/E based 130/30 

strategy with comparable investment benchmarks over the 8 year period from June 2000 to 

June 2008 with quarterly rebalancing.  From the table we find that the inclusion of brokerage 

and short-selling costs hampers the significance of alpha generated by such a strategy.  Only 

when we use the Fama-French (1992) three factor model do we find that the quarterly alpha 

generated by the value-based active-extension strategy incorporating brokerage and short-

sales costs to be significant.  Our results show that the alpha of 0.014 generated by this 

strategy is smaller than the quarterly alpha of 0.116 generated by the momentum based 

strategy over the eight year period, while the model has a relatively high adjusted R2 of 

66.8%.  Surprisingly over the same period, a value-based strategy which does not employ 

short sales positions fails to generate significant alpha.  Comparing panels A and B of Table 7 

we find that this outcome seems to arise from the brokerage and short selling costs imposed 

on the value based strategies.  The costless, value-based no-short sales strategy generates 

significant alpha from all three models at the 10% and 1% levels.  

 

6.3 Active Portfolio Performance Management Based Comparison of Portfolios 

We now examine the performance of the two 130/30 trading strategies as well as momentum 

based portfolios, followed by the performance of the P/E based portfolios and finally the 

relative performance of one portfolio type with another. 
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6.3.1 Momentum Based Portfolios 

The first thing we note from Table 7 is that the tracking error of the 130/30 and long-only 

portfolios decrease when we incorporate brokerage and short-selling costs.  For example, the 

tracking error of the momentum driven 130/30 portfolio incorporating brokerage and 

transaction costs is 0.3651% lower than its costless counterpart.  Similarly the momentum 

driven No-short sales portfolio with brokerage costs has a TE which is less than its cost-free 

doppelganger by 0.3682%.  The tracking error of P/E based  

The relative outperformance of the momentum based 130/30 trading strategies corroborates 

evidence found in among other papers, Conrad and Kaul (1998) that momentum based 

strategies net positive and statistically significant profits at medium term horizons. 

 

6.3.2 P/E Based Portfolios 

More significant however, is that the tracking errors incurred by the 130/30 portfolios, both 

momentum and P/E driven, are higher than their No-Short sales counterparts resulting in 

higher information ratios.  These corroborate the results of earlier studies which document the 

benefit of including short sales in increasing the information ratios of portfolios.  Our results 

are the same when we compare the information ratios of P/E based 130/30 portfolio and its 

prohibited short sales counterpart. 

 Comparing the two cost-inclusive 130/30 portfolios as well as their No-Short sales 

counterparts using the three CAPM based performance measures we continue to find the 

130/30 portfolios outperforming their restricted short sales counterparts.  In terms of the 

Sharpe ratio, the Momentum driven 130/30 portfolio outperforms the momentum driven 

portfolio with no short sales by 0.684 whereas the P/E based 130/30 outperforms the No-

Short sales portfolio by 0.1879.  The momentum driven 130/30 portfolio with brokerage and 
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short-selling costs has a Treynor measure of 0.124108 almost double the Treynor measure of 

0.060086 reported by the No-Short Sales portfolio.  Similarly the Sharpe ratio of the 

momentum driven 130/30 portfolio is 1.493694, greater than the Sharpe ratio of 0.808798 

reported by the No-Short Sales portfolio.  The Jensen’s alpha of the 130/30 portfolio is 

0.119493 is double the Jensen’s alpha 0.05822 reported by the portfolio with restricted short 

sales. 

 

6.3.3 Comparing Momentum Based and Value Based Portfolios 

When comparing the information ratios of the momentum based 130/30 portfolio with the 

P/E based 130/30 portfolio, we find the momentum portfolio has an IR of 0.91059 versus the 

IR of the value-based portfolio which is 0.229879.  Similarly the momentum based no-short 

sales portfolio has an information ratio of 0.82866 versus the -0.23958 information ratio for 

the P/E based portfolio.  The inverse relationship between information ratios and tracking 

error is evident as the value based 130/30 and no-short sales portfolios more closely follow 

the ASX 50 index than their three month returns momentum driven counterparts.  Comparing 

the three CAPM based risk-adjusted performance measures we find that 130/30 Momentum 

portfolio with incorporated costs clearly outperforms the 130/30 P/E based portfolio, with a 

recorded Jensen’s alpha over ten times that generated by the P/E based 130/30 portfolio.  Our 

results lead us to conclude that between the two strategies, the momentum driven 130/30 

portfolio offers a higher risk-adjusted return and alpha at the expense of a comparably higher 

volatility as measured by standard deviation in Table 3. 

 

 

7 Conclusions and Further Research Questions 
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Based on the historical analysis conducted we find that a 130/30 strategy whether based on 

the historical three month performance of the stock, or value based analysis tends to 

outperform more passively constructed buy-and-hold strategies over an eight anda a half year 

period of observation.  We also using three independent factor models, the momentum based 

130/30 strategy produces significant quarterly alpha of 11.7% over the eight and a half year 

period.  Using Monte Carlo simulations over a twelve month trial period with quarterly 

rebalancing using historical returns from the preceding period to identify over and under 

priced stocks, leads to the same conclusion.  The value based 130/30 strategy also produces a 

significantly high alpha of 1.4% based on the Fama-French model. 

While constructing the 130/30 portfolio we do not necessarily assume that those 

stocks which have performed well in the past will continue to perform well in the next period.  

This motivates our practice of redistributing the weight of the lowest performing quintile to 

the entire portfolio and not simply the best performing stocks as judged by historical returns 

in the previous quarter.  Our results are encouraging for the application of enhanced active 

equity strategies in the Australian equities market.  However, further scope exists to identify 

which models to employ in order to determine undervalued (long positions) and overvalued 

(short positions) stocks. 

This paper used two simplistic (quantitative) approaches to identify the worst 

performing stocks based on historical returns and P/E and historical earnings per share.  The 

weights of the worst performing quintile were aggregated and redistributed equally amongst 

the remaining stocks in the portfolio.  At no point did we attempt to optimise the weights of 

the stocks within the 130/30 portfolio.  If we require a thirty percent short position across ten 

stocks, each stock is simply shorted by 3%.  As a first pass optimisation we suggest using 

Excel’s solver function in order to determine the constituent weights of the 130/30 
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constrained-short and the long-only portfolio.    Lo and Patel [2007] provide details for an 

optimization tool they utilise to weights of the constituents of a 130/30 portfolio index.   

What are the best models to employ in order to identify the best and worst performing 

stocks?  The Barra models and their variants find extensive used by a large number of fund 

managers.  Lo and Patel [2007] advocate the use of a factor based alpha model which 

includes traditional and relative portfolio values; historical and expected growth; profit 

trends; size and momentum factors to segregate the best performing from the worst 

performing stocks.  Johnson et al [2007] employ the ten-factor alpha model proposed by 

Brush [2007] which uses generic value and growth factors including earnings to price and 

price momentum factors, to identify the long and short positions to take in the 130/30 

portfolio.  Further research can determine the most suitable factor model to utilise in order to 

generate the highest feasible returns.14  Several portfolios are constructed with weights 

allocated to constituent equities based on their ranking by each of the above factors and the 

portfolio returns are simulated forward.  Future research may consider the effectiveness of 

testing 130/30 portfolios based on these ranking strategies with optimised stock allocations. 

 Nevertheless, research into the implementation of an enhanced active equity 

strategy appears to yield very useful results.  At the time of writing, this strategy is currently 

non-implementable due to the imposed short sales ban on all stocks by ASIC and outright ban 

on short sales positions in financial companies until January 2009.  Following the lifting of 

government imposed short-sales restrictions the profitability of such a strategy can be gauged 

relative to the market for potential investors. 

  

                                                           
14 An alternative method of ranking stocks in which to take long and short positions is to implement Credit 
Suisse First Boston’s Alpha portfolios, identifying stocks to take long and short positions in by various financial 
attributes including traditional value; relative value; historical growth; expected growth; profit trends; 
accelerating sales; earnings momentum; price momentum; price reversals and size of the firm. 
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Table 1 

 

Panel A lists the top 10 and bottom 10 securities listed on the S&P/ASX 50 sorted by returns 

performance at June 30, 2008.  Daily mean lognormal returns are calculated based on three 

months of historical prices from October 2006 to December 2006.  Also listed are the market 

value based weights of each of the twenty stocks.15  Panels B and C list the ten worst 

performing stocks within the ASX 50 as of June 30, 2008 based on three month daily returns.  

Panel B lists the new (rebalanced) weights of the stocks in which we choose to take an short 

positions in our active extension portfolio and Panel C lists the weights of these stocks in a 

portfolio with no short sales.  We do not optimise stock weights in our portfolios assuming 

equal underweighting in both the 130/30 and No-Shorting portfolios. 

 

Panel A 

Quintile 1 - Top 10 Performers 
Descending order 

Quintile 5 – Bottom 10 Performers 
Descending order 

Stock Mean Return Basket Weight Stock Mean Return Basket Weight 

MGR 0.287% 1.11% AMP -0.207% 1.91% 

GPT 0.166% 3.18% BHP -0.208% 3.10% 

ZFX 0.099% 0.52% SGB -0.220% 0.32% 

BNB 0.084% 1.77% WBC -0.244% 2.10% 

WOR 0.047% 1.17% AMC -0.290% 1.35% 

CTX 0.047% 0.99% LLC -0.295% 0.79% 

OXR 0.043% 0.20% SUN -0.298% 1.26% 

AFG 0.042% 3.98% FGL -0.323% 3.55% 

NCM 0.041% 0.17% AWC -0.371% 2.04% 

UGL 0.037% 0.97% AXA -0.524% 1.49% 

 
The Redistribution of weights in the bottom quintile under one of two portfolios: the 
130/30 active extension portfolio versus a portfolio with restricted short sales. 
 

Panel B: 130/30 Portfolio Panel C: No-Shorting Portfolio 

Stock Mean Return New Weights Stock Mean Return New Weights 

MGR -0.431% -3% MGR -0.431% 0% 

LLC -0.480% -3% LLC -0.480% 0% 

GMG -0.483% -3% GMG -0.483% 0% 

TAH -0.506% -3% TAH -0.506% 0% 

AMC -0.518% -3% AMC -0.518% 0% 

GPT -0.554% -3% GPT -0.554% 0% 

TCL -0.610% -3% TCL -0.610% 0% 

MAP -0.657% -3% MAP -0.657% 0% 

TOL -0.735% -3% TOL -0.735% 0% 

BNB -0.781% -3% BNB -0.781% 0% 

 

 
                                                           
15 Historical adjusted price and market weighting data is collected using Iress Market Technology, courtesy of 
Next Financial Limited. 
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Table 2 

 
This table presents the mean daily return performance of two 130/30 strategies over the five 
year period from January 2000 to July 2008.  We benchmark the performance of the 130/30 
strategy against an equally weighted portfolio of stocks (ES), a no-shorting portfolio (NS), a 
basket-weighted portfolio of stocks (BS), and the S&P/ASX 50.  Returns on the No-Short 
Sales portfolio are calculated accounting for per transaction brokerage costs of 38.5 basis 
points while returns on the 130/30 portfolio are reported incorporating per transactional 
brokerage costs of 38.5 basis points as well as short sales costs of 90 basis points. 
 
 

 
Date 

 

 
S&P/ASX 

50 

Equally 
Weighted 

No-Short 
(Mom) 

130/30 
(Mom) 

No-Short 
(P/E) 

130/30 
(P/E) 

 
Mar-2000 

 
0.876% 

 
1.373% 

 
7.737% 

 
16.843% 

 
-6.814% 

 
-3.859% 

Jun-2000 8.014% 4.102% 15.528% 26.077% 8.093% 8.097% 

Sep- 2000 -0.138% 1.224% 4.385% 9.985% 1.615% 3.974% 

Dec- 2000 -3.345% 3.463% 10.711% 17.592% 0.230% 4.608% 

 
Mar-2001 

 
-1.264% 

 
1.884% 

 
6.857% 

 
13.598% 

 
-4.511% 

 
-1.688% 

Jun-2001 12.016% 6.721% 13.677% 14.630% 10.252% 11.108% 

Sep- 2001 -13.708% -2.114% -6.216% -3.993% -10.934% -7.216% 

Dec- 2001 12.428% 6.007% 15.025% 19.780% 5.963% 8.877% 

 
Mar-2002 

 
-0.932% 

 
2.766% 

 
8.107% 

 
13.802% 

 
-3.904% 

 
0.789% 

Jun-2002 -6.134% 0.118% 1.897% 7.733% -12.314% -9.958% 

Sep- 2002 -8.416% -2.531% -4.946% -0.176% -6.463% -4.944% 

Dec- 2002 1. 463% 2.092% 5.052% 9.408% -0.228% -4.968% 

 
Mar-2003 

 
-4.306% 

 
-0.602% 

 
0.356% 

 
6.384% 

 
-3.673% 

 
-2.101% 

Jun-2003 4.205% 5.210% 15.437% 24.497% 6.681% 6.941% 

Sep- 2003 3.795% 5.857% 16.168% 24.287% 1.627% 3.623% 

Dec- 2003 4.176% 6.025% 14.485% 19.828% 5.907% 6.467% 
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Table 2 (continued) 

 
This table presents the mean daily return performance of two 130/30 strategies over the five 
year period from January 2000 to July 2008.  We benchmark the performance of the 130/30 
strategy against an equally weighted portfolio of stocks (ES), a no-shorting portfolio (NS), a 
basket-weighted portfolio of stocks (BS), and the S&P/ASX 50.  Returns on the No-Short 
Sales portfolio are calculated accounting for per transaction brokerage costs of 38.5 basis 
points while returns on the 130/30 portfolio are reported incorporating per transactional 
brokerage costs of 38.5 basis points as well as short sales costs of 90 basis points. 
 
 

 
Date 

 

 
S&P/ASX 

50 

Equally 
Weighted 

No-Short 
(Mom) 

130/30 
(Mom) 

No-Short 
(P/E) 

130/30  
(P/E) 

 
Mar-2004 

 
3.659% 

 
2.054% 

 
5.590% 

 
10.780% 

 
4.244% 

 
17.891% 

Jun-2004 3.529% 0.436% 5.134% 10.132% 3.873% 12.336% 

Sep- 2004 2.475% 4.323% 10.390% 15.295% 7.202% 13.617% 

Dec- 2004 9.872% 11.483% 28.728% 37.890% 13.196% 13.262% 

 
Mar-2005 

 
1.941% 

 
1.711% 

 
3.882% 

 
8.058% 

 
1.630% 

 
2.760% 

Jun-2005 4.176% 2.431% 5.496% 9.812% 4.325% 5.681% 

Sep- 2005 7.613% 6.314% 15.484% 22.281% 5.097% 6.312% 

Dec- 2005 2.735% 2.953% 7.789% 13.763% 2.970% 1.603% 

 
Mar-2006 

 
7.640% 

 
3.657% 

 
8.828% 

 
14.208% 

 
0.176% 

 

 
-0.527% 

Jun-2006 -0.929% 1.261% 3.545% 8.615% -5.036% -4.460% 

Sep- 2006 1.144% 1.962% 5.374% 10.907% 2.250% 3.448% 

Dec- 2006 9.184% 6.849% 14.859% 20.131% 11.479% 13.094% 

 
Mar-2007 

 
5.622% 

 
4.558% 

 
10.284% 

 
15.658% 

 
7.478% 

 
9.439% 

Jun-2007 4.138% 4.545% 10.069% 15.201% 7.359% 9.647% 

Sep- 2007 5.812% 3.374% 7.993% 13.542% 3.507% 4.418% 

Dec- 2007 -4.056% -0.1572% 0.788% 6.348% -3.156% -3.943% 

 
Mar-2008 

 
-15.466% 

 
-6.845% 

 
-11.760% 

 
-5.112% 

 
-17.217% 

 
-20.168% 

Jun-2008 -1.460% -2.190% -0.093% 10.121% -9.706% -7.404% 
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Table 3 

 

This table reports the summary statistics of the eight portfolios considered in this study: the Momentum based 130/30 with brokerage and short-

selling costs, the Momentum based No-short Sales (long only) portfolio with brokerage costs, the P/E based 130/30 portfolio inclusive of 

brokerage and short-selling costs and finally the P/E based No-short sales portfolio including brokerage costs.  In order to gauge the relative 

performance of these portfolios, we report summary statistics for a naive buy and hold strategy in the S&P/ASX 50 and a long-only strategy in 

an equally weighted portfolio constructed using the top 50 stocks listed by market capitalisation in the ASX. 

 

 

Strategy 
Mean 
Return 

Median 
Return 

Minimum 
Return 

Maximum 
Return 

Standard 
Deviation 

 
Skewness 

 
Kurtosis 

Jarque-Bera 
Test Stat. 

Panel A: Portfolio w. costs          
        

130/30 (Momentum) 13.468% 13.681% -5.112% 37.890% 8.419% 0.274 1.602 3.196 
         
No-Short Sales (Momentum) 7.548% 7.763% -11.760% 28.728% 7.612% -0.012 1.447 3.416 
         
130/30 (P/E) 2.846% 3.799% -20.168% 17.891% 8.079% -0.559 0.558 10.233 
         
No-Short Sales (P/E) 0.918% 1.940% -17.217% 13.196% 7.116% -0.625 0.035 14.672 
         

Panel B: Benchmarks         
        

Equal Weighted Long Only 2.656% 2.599% -6.845% 11.483% 3.397% -0.236 1.478 3.600 
         
S&P/ASX 50 1.658% 2.605% -15.466% 12.428% 6.400% -0.800 0.965 9.496 
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Table 4 

 
The table presents the results of estimating a momentum driven 130/30 long-short portfolio as well as a no-short sales portfolio from January 
2000 to July 2008 rebalanced quarterly.  Panel A estimates fund performance benchmarked against both the CAPM as well as the Fama-French 
(1992) three factor model with no brokerage or short selling costs incorporated.  Panel B estimates fund performance benchmarked against the 
above factor models including 38.5 bps brokerage cost and a 90 bps short sales cost.   *** Represents significance at the 1% level, ** represents 
significance at the 5% level and * represents significance at the 10% level. 
 
 

Momentum Based Panel A: No Brokerage or Short Selling Costs  Panel B: Including Brokerage and Short Selling Costs 

      
 Alpha RM - RF SMB HML UMD Adj. R2  Alpha RM - RF SMB HML UMD Adj. R2 

130/30              

              

Single Index 0.119*** 
(0.009) 

1.068*** 
(0.145) 

   0.618  0.117*** 
(0.009) 

1.018*** 
(0.137) 

   0.620 

Fama-French  0.118*** 
(0.009) 

1.068*** 
(0.150) 

-0.092 
(0.192) 

-0.101 
(0.295) 

 0.598  0.116*** 
(0.009) 

1.021*** 
(0.143) 

-0.120 
(0.182) 

-0.084 
(0.279) 

 0.603 

Carhart 0.133*** 
(0.021) 

1.079*** 
(0.153) 

-0.071 
(0.198) 

-0.148 
(0.323) 

-0.189* 
(0.224) 

0.622  0.126*** 
(0.019) 

1.030*** 
(0.145) 

-0.097 
(0.188) 

-0.105 
(0.307) 

-0.134** 
(0.213) 

0.624 

Long-Biased              

              

Single Index 0.062*** 
(0.007) 

1.062*** 
(0.107) 

   0.748  0.058*** 
(0.007) 

1.058*** 
(0.106) 

   0.748 

Fama-French  0.063*** 
(0.007) 

1.077*** 
(0.110) 

-0.041 
(0.141) 

0.176 
(0.217) 

 0.737  0.059*** 
(0.007) 

1.073*** 
(0.110) 

-0.041 
(0.140) 

0.176 
(0.216) 

 0.737 

Carhart 0.072*** 
(0.015) 

1.083 
(0.113) 

-0.031 
(0.146) 

0.147 
(0.240) 

-0.109 
(0.166) 

0.752  0.067*** 
(0.015) 

1.079*** 
(0.113) 

-0.031 
(0.146) 

0.146 
(0.239) 

-0.109* 
(0.165) 

0.750 
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Table 5 

 

The performance of four investment strategies using the Top 50 stocks listed on the ASX 

using Monte Carlo Simulations.  Strategy 1 is an equally weighted portfolio of the top 50 

stocks.  Strategy 2 is a simple buy-and-hold strategy in the S&P/ASX 50.  Strategy 3 is a 

portfolio comprising of the top 50 stocks with prohibited short-selling.  Strategy 4 is an 

equally weighted 130/30 enhanced active equity portfolio constructed using the top 50 stocks 

listed on the S&P/ASX 50 as of June 2008.  We assume the underlying stock processes 

follow Geometric Brownian Motion, and the stock portfolio is rebalanced every three 

months. 

 

 

Equity Strategy 3 months 6 months 9 months 12 months 

     
Mean 3 month return - 200 simulations 

     

Equally Weighted  7.5% 15.59% 26.32% 10.26% 

S&P/ASX 50 6.2% 12.54% 20.12% 10.39% 

No-Short Sales  6.4% 16.09% 30.75% 13.10% 

130/30 Strategy 6.1% 17.54% 41.05% 16.09% 

     
Maximum 3 month return - 200 simulations 

     

Equally Weighted  96.3% 70.88% 67.45% 27.12% 

S&P/ASX 50 93.5% 62.11% 44.94% 29.37% 

No Short Sales 117.7% 75.61% 71.67% 32.45% 

130/30 Strategy 155.8% 80.99% 97.23% 40.20% 

     
Minimum 3 month return - 200 simulations 

     

Equally Weighted  -44.4% -15.00% 0.25% -4.78% 

S&P/ASX 50 -51.73% -10.73% -0.08% -4.21% 

No-Short Sales -50.17% -12.91% 2.43% -3.74% 

130/30 Strategy -81.54% -12.55% 5.62% -2.92% 
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Figure 1 

 

Figure 1 charts the mean three month return of each of the four equity portfolios at the end of 
each rebalance period: March; June; September and December 2007.  With the exception of 
the first quarter, the 130/30 strategy outperforms the other 3 strategies in every three month 
period. 
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Table 6 

 

The performance of four investment strategies using the Top 50 stocks listed on the ASX 

using Monte Carlo Simulations.  Strategy 1 is an equally weighted portfolio of the top 50 

stocks.  Strategy 2 is a simple buy-and-hold strategy in the S&P/ASX 50.  Strategy 3 is a 

portfolio comprising of the top 50 stocks with prohibited short-selling.  Strategy 4 is an 

equally weighted 130/30 enhanced active equity portfolio constructed using the top 50 stocks 

listed on the S&P/ASX 50 as of June 2008.  We assume the underlying stock processes 

follow Geometric Brownian Motion, and the stock portfolio is rebalanced every three 

months. 

 

Equity Strategy 3 months 6 months 9 months 12 months 

     
Mean 3 month return - 2000 simulations 

     

Equally Weighted  5.69% 16.62% 28.47% 11.19% 

S&P/ASX 50 5.20% 13.21% 21.09% 11.38% 

No-Short Sales  5.54% 16.30% 32.55% 14.13% 

130/30 Strategy 6.10% 16.30% 43.68% 17.29% 

     
Maximum 3 month return - 2000 simulations 

     

Equally Weighted  98.02% 99.63% 99.30% 95.37% 

S&P/ASX 50 93.37% 84.33% 81.09% 104.79% 

No Short Sales 110.55% 113.55% 111.67% 106.53% 

130/30 Strategy 139.80% 155.54% 147.11% 125.72% 

     
Minimum 3 month return - 2000 simulations 

     

Equally Weighted  -39.90% -41.36% -26.60% -28.93% 

S&P/ASX 50 -39.01% -33.59% -26.65% -31.56% 

No-Short Sales -39.95% -43.71% -29.92% -32.70% 

130/30 Strategy -60.60% -119.50% -30.58% -39.90% 
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Figure 2 

 

Figure 2 charts the mean three-month return of each of the four equity portfolios at the end of 
each rebalance period: March; June; September and December 2007 this time running 2000 
Monte Carlo simulations.  With the exception of the second quarter where it ties with the No-
Short selling portfolio, in the remaining quarters the 130/30 strategy outperforms the other 
three strategies in with notable outperformance in the third and fourth quarters once again.  
The rebalance period ends at the end of each month. 
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Table 7 

 
The table presents the results of estimating a value-based 130/30 long-short portfolio as well as a long-biased value based portfolio from January 
2000 to July 2008 rebalanced quarterly.  Panel A estimates fund performance benchmarked against the CAPM, the Fama-French (1992) three 
factor model as well as the Carhart (1997) four factor model with no brokerage or short selling costs incorporated.  Panel B estimates fund 
performance benchmarked against the above factor models including 38.5 bps brokerage cost and a 90 bps short sales cost.   *** Represents 
significance at the 1% level, ** represents significance at the 5% level and * represents significance at the 10% level. 
 
 

P/E Ratio Based Panel A: No Brokerage or Short Selling Costs  Panel B: Including Brokerage and Short Selling Costs 

      

 Alpha RM - RF SMB HML UMD Adj. R2  Alpha RM - RF SMB HML UMD Adj. R2 

130/30              

              

Single Index 0.010 
(0.19) 

1.050*** 
(0.141) 

   0.624  0.011 
(0.008) 

1.045*** 
(0.134) 

   0.645 

Fama-French 0.014* 
(0.18) 

1.087*** 
(0.134) 

0.076 
(0.171) 

0.625** 
(0.262) 

 0.668  0.014* 
(0.008) 

1.078*** 
(0.131) 

0.025 
(0.167) 

0.517** 
(0.257) 

 0.668 

Carhart 0.011 
(0.19) 

1.082*** 
(0.138) 

0.060 
(0.179) 

0.619** 
(0.292) 

0.045 
(0.202) 

0.652  0.009 
(0.018) 

1.066*** 
(0.134) 

0.020 
(0.171) 

0.527* 
(0.275) 

0.098 
(0.193) 

0.655 

              
Long-biased              
              
Single Index 0.009* 

(0.005) 
0.952*** 
(0.077) 

   0.824  -0.008 
(0.006) 

1.012*** 
(0.092) 

   0.787 

Fama-French 0.012*** 
(0.004) 

0.983*** 
(0.070) 

-0.026 
(0.089) 

0.422*** 
(0.137) 

 0.857  -0.006 
(0.006) 

1.035*** 
(0.090) 

-0.007 
(0.115) 

0.335* 
(0.176) 

 0.798 

Carhart 0.023*** 
(0.009) 

0.981*** 
(0.068) 

-0.057 
(0.087) 

0.318** 
(0.142) 

-0.123 
(0.222) 

0.868  -0.001 
(0.012) 

1.029*** 
(0.088) 

-0.047 
(0.115) 

0.252 
(0.187) 

-0.045 
(0.130) 

0.805 
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Table 8 

 
This table presents several active portfolio performance measures for four momentum-driven and four value-driven portfolios in turn: the 130/30 
without brokerage and Short-Selling costs, the 130/30 incorporating brokerage and short-selling costs, the No-Short Sales portfolio excluding 
brokerage costs, and the No-Shorting portfolio with brokerage costs included.  For each of the eight reported portfolios we present the active risk 
as measured by the tracking error, two measures of active performance including the Information Ratio (IR) and Jensen’s Alpha as well as two 
measures of risk-adjusted performance, namely the Sharpe and Treynor ratios.  
 
 

Strategy Portfolio  Tracking Error Information Ratio Jensen’s Alpha Sharpe Ratio Treynor Ratio 

    

   Momentum Based Strategy  
       
130/30 w/o Costs  0.13182 0.906212 0.119493 1.454092 0.124108 
130/30 + Costs  0.128169 0.91059 0.116746 1.493694 0.121329 

Long-biased w/o Costs  0.074032 0.843784 0.062387 0.860292 0.064153 
Long-biased + Costs  0.070355 0.828664 0.05822 0.808798 0.060086 

    

   Value Based (P/E) Strategy  
       

130/30 w/o Costs  0.051116 0.193659 0.009857 0.159689 0.012993 

130/30 + Costs  0.049053 0.229879 0.011234 0.17995 0.014353 
No Shorting w/o Costs  0.028873 0.311023 0.009034 0.187516 0.012449 
No Shorting + Costs  0.033415 -0.23958 -0.00795 -0.06666 -0.004824 
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Abstract: This paper examines the pricing and performance of ordinary, venture capital and private equity-
backed initial public offerings in the Australian stock market from June 1996 to May 2007. Headline 
underpricing, underpricing issuer loss, underpricing loss by market value, and underpricing loss by issue price 
are used to measure underpricing. Cumulative buy-and-hold abnormal returns with equal and value-weighted 
market indexes, market and book-to-market value quintile adjustments and the Fama-French three-factor model 
used to compare performance. The measures of underpricing indicate that venture capital and private equity-
backed issues are less underpriced than ordinary issues. Further, all three forms of issuance outperform the 
nominal performance benchmarks. However, there is no statistically significant difference in the risk-adjusted 
performance of initial public offerings, regardless of backing. 
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1. Introduction 

Following the events of September 11, 2001 and the lower level of initial public offerings 

(IPO) in 2002, IPO activity in Australia has continued to trend upwards, as shown in Figure 1 

(Deloitte 2006). Building on a background of strong domestic equity returns, an inundation of 

cash flows from superannuation (pension) funds, the T3 effect (the sale by the 

Commonwealth Government of its remaining stake in Telstra, Australia's leading 

telecommunications and information services company) and an extended resources boom, the 

number and value of IPOs in Australia has continued to grow. In fact, equity raised during the 

early 2000s has easily doubled that raised during the 1999-2000 dot-com boom, IPO capital 

collections for each of the three financial years since 2004-05 has bypassed $10 billion, and 

by 2004 Australia ranked fourth in the world – after the US, Japan and China – for the total 

                                                 
*  Corresponding author: Tel.: + 61-7-3735-4273; Fax: + 61-7-3735-3719.  

E-mail address: a.worthington@griffith.edu.au 
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number of completed IPOs (Ernst and Young 2005). This frenetic level of activity is set to 

continue with the resources boom continuing into 2007-2008 (six of the top ten IPOs are in 

the energy or materials sector) and a record 226 IPOs listed or are set to list on the market, up 

34% from 2006/07. 

<FIGURE 1 HERE> 

At the same time, there has been considerable growth in venture capital (VC) and private 

equity (PE) markets in Australia and their share of IPO activity through investment exits. For 

example, in 2000-01 VC-backed IPOs amounted to A$171 million; by 2003-04 this had 

grown to $1,460 million. Private equity has also had a role to play with A$21.7 billion 

invested by PE managers through the purchase of 32 listed companies in 2006, equating to 

about 1.4% of the total value of the Australian Stock Exchange (ASX). In time (typically 

seven to ten years), many of these return to the public market with “…approximately 25% of 

all sales of private equity investments via public offering on the ASX thereby returning the 

business to the listed market, usually with a more solid and profitable outlook” (APEVCAL 

2006). In fact, for the first time in 2004, a significant number of PE-backed IPOs took place, 

demonstrating the maturing of the market (Ernst & Young 2005). By 2006, when 71 new 

companies listed on the ASX, eleven were the result of early-stage investors (including VC 

and PE) exiting their investments (PriceWaterhouseCoopers 2007). The Australian Private 

Equity and Venture Capital Association Limited (2006) suggests these and other changes 

result from the consistently high returns delivered by private equity managers, continuing 

growth in the global debt market allowing private equity managers (and other borrowers) to 

be able to borrow more, and the escalation of available funds from superannuation savings for 

all categories of investment. 

Disturbingly, the strong performance of the Australian IPO market, as elsewhere, is often 

accompanied by lacklustre aftermarket price performance, at least at the market level. In 

2004, for example, only 44% of all IPOs during 2003-04 were trading at or above their issue 

price. This was 9% lower when compared to the previous year. In the following year, the 

percentage of IPOs trading above issue price fell to 51% down 5%. By December 2005, four 

of the seven largest IPOs to list in 2005-06 were trading below their issue price, including 

Macquarie Capital Alliance (-11%), Babcock and Brown Capital (-20%), Alinta Infrastructure 

(-3%) and Challenger Infrastructure (-7%), (Deloitte, 2005). Moreover, all too often a small 
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number of outliers can strongly affect average performance. For instance, the average return 

increased from 11% in 2004-05 to 24% in 2005-2006. However, as in previous years this was 

biased by a few small-capitalisation resource IPOs that experienced substantial returns 

(Deloitte 2006). Following earlier trends, the share price performance of the ten largest IPOs 

of 2005-06 was again disappointing with half trading below their issue price. Overall, the 

observed average performance was -2%, significantly lower then the overall market average 

of 24%, with 75% of all funds raised by floats in excess of $100m only achieving a return of 

less than 10%.  

The purpose of this paper is to consider one of the more salient features of the contemporary 

Australian IPO market – the growth of VC and PE-backed IPOs – within the context of the 

long-established focus on IPO pricing and performance. Although a substantial amount of 

research of this type exists in the United States and elsewhere, Australian studies concerning 

the pricing and performance of IPOs, not just VC and PE-backed firms, are scarce and limited 

in scope. This paper first aims to increase the depth of Australian research by examining the 

pricing and performance of initial public offers during the period June 1996 to May 2007. 

Then paper then extends this work by considering the differentials in pricing and 

performance, if any, for VC and PE firms. 

The remainder of the paper is structured as follows. Section 2 provides a brief literature 

review. Section 3 explains the data methodology employed in the analysis. The results are 

dealt with in Section 4. The paper ends with some concluding remarks in the final section. 

2. Review of the literature  

One of the more puzzling phenomena in finance is the underpricing of new stock issues. 

Various explanations are given, including information asymmetry, signalling relationships, 

cyclical behaviour and third-party certification. Foremost among these, the information 

asymmetry hypothesis sees underpricing as an equilibrium occurrence when investors are 

disproportionately informed. Since uninformed investors face the consequences of poor 

judgement when other investors are better informed, underpricing arises to compensate 

uninformed investors for the risk of ending up with a less successful IPO.  

Underpricing is clearly a concern for entrepreneurs, venture capitalists and private equity 

investors, since it reduces the amount received by going public. However, it is argued that the 
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extent of the entrepreneurs’ concerns is limited to the influence on their net wealth. Costly 

action, such as employing reputable underwriters, is undertaken only where advantageous. In 

general, as the proportion of the company going public escalates, the existing investors in the 

firm attempt to reduce underpricing at an increasing rate. When informed investors believe an 

issue is overpriced, they discard the investment opportunity and seek issues elsewhere that are 

not overpriced. 

An alternative rationale for underpricing is that the value of an issue depends on market 

demand and the underwriter’s selling efforts. In general, the underwriter is typically aware of 

demand levels, more so than the issuer. As such, the issue price is set below its ‘true value’ to 

increase interest. Similarly, the issuer is more informed then potential investors. In an attempt 

to resolve problems with asymmetric information, the underwriter signals the true value of the 

firm by underpricing the securities and acquires a percentage of the shares. The retention of 

shares comes as a signalling device to the market – the higher the withholding, the higher the 

return expected.  

Other work draws attention to the signalling relationship between the issuer’s fractional 

holding of the firm’s equity and the expected future cash flows. In response to these and other 

theoretical developments, a body of empirical research has arisen, largely in the US,  

concluding that IPOs are indeed underpriced [see, most recently, Ibbotson et al. (1994), 

Megginson and Weiss (1991), Hunt-McCool et al. (1996), Habib and Ljungqvist (1998; 

2001), Francis and Hasan (2001), Bradley and Jordan (2002), Loughran and Ritter (1995; 

2002)]. Finn and Higham (1988), Lee et al. (1996) and How et al. (1995) find similar 

evidence in Australian markets.  

Now consider venture capital investments. Most VC organisations raise funds in limited 

partnerships with finite lifetimes. In the Australian context, “…venture capital organizations 

provide high risk capital for new or young businesses with prospects of rapid growth and high 

rates of return. The ultimate goal of this type of investment is to accelerate the growth of these 

businesses” (ABS 2001: 11). Being repeat players and regularly having to raise new funds, 

venture capitalists face reputational risk. There is then great pressure for young VC firms to 

establish a reputation in the market and to raise new funds in order to remain operational. 

The literature available in the past three decades on venture capitalist funds, the monitoring 

processes and the effect of having VC financing on a firm’s performance in US markets is 
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considerable. In general, venture capitalists often hold a strong equity position in the 

companies they finance, and bring to bear substantial influence on management (Barry et al. 

1990). As venture capitalists are closely involved in the management and supervision of their 

investment companies, there is also a tendency to choose small, young firms with problems 

with information asymmetry.  

Dietz (2002), for instance, argues that entrepreneurs are confronted by a trade-off between the 

higher costs associated with venture financing compared to bank financing and the increase in 

firm value due to advising. Although the costs associated with venture capitalist financing are 

greater than with bank finance, only risk-seeking entrepreneurs will desire VC. Accordingly, 

Engel (2002) shows that the decline in financial constraints due to the capital injections, 

monitoring and services the venture capitalist provides positively impacts on the performance 

of VC-backed firms. Megginson and Weiss (1991) and Barry et al. (1990) provide evidence 

that VC-backed firms tend to go public earlier then non VC-backed firms because venture 

capitalists verify the value of the offering. Gompers (1996, p. 153) concludes, “…venture 

capitalists repeatedly bring companies to the IPO market and … commit not to offer 

overpriced shares”. 

An IPO changes many features of a firm, but nothing more than the ownership structure. 

Considerable changes continue to occur as a result of the greater dispersion of shareholdings 

(Brennan and Franks 1997; Mikkelson et al. 1997), have a weighty effect on managerial 

incentives (Zingales 1995) and influence the underpricing and underperformance of an issue 

(Jain and Kimi 1994; Booth and Chua 1996; Pham et al. (2003). Studies have shown that pre-

IPO ownership has an effect on the pricing and costs of an issue – the smaller the proportion 

of pre-IPO shareholdings by management, the lower the incentive to control total issuing 

costs. More specifically, major decisions in the IPO process tend to favour management in 

firms not wholly owned before going public.  

As a result, firms can suffer agency problems even before going public. Ljungqvist and 

Wilhelm (2003), for instance, interpret underpricing as evidence of agency costs because 

CEOs are required to represent pre-IPO shareholders when negotiating issue prices with 

underwriters. According to Habib and Ljungqvist (2001) the negative impact of underpricing 

on pre-IPO owners’ wealth may be minimal when a smaller proportion of shares is offered to 

the public, or when underpricing is deliberately used as a promotional tool to reduce other 
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marketing costs, such as underwriting fees. That is, instead of outlaying funds to promote the 

issue, the underwriter uses underpricing as the issue’s main source of marketing. Loughran 

and Ritter (2002) point out that while underpricing is an opportunity cost as the ownership of 

pre-IPO shareholders is diluted, it is associated with an increase in the value of the retained 

shares. 

Empirical studies generally support the value of VC financing. Gompers (1995) examines the 

staging and monitoring of VC investments. Gompers (1995) finds that in the lead up to an 

IPO venture-backed firms receive more financing and a greater number of financing rounds 

than venture-backed firms going bankrupt. Gompers (1995) adds that this supports the 

argument that VCs are better able to identify successful and unsuccessful projects through 

their monitoring techniques. Klausner and Litvak (2001), hypothesise that VCs can 

dramatically alter the professionalism of the firms in which they invest. A survey conducted 

by Hellman and Puri (2000) on the evolution of undeveloped, privately held, high-technology 

firms in Silicon Valley gives support. Lerner (1994) finds that venture capitalists time their 

initial public offerings so that firms are taken to market at the optimal time. A study by 

Megginson and Weiss (1991) in the US shows that the occurrence of underpricing in VC-

backed IPOs is far less then that which takes place in non VC-backed issues. Megginson and 

Weiss relate this to the reputation effect, as VCs who continually take firms to the market can 

credibly risk their reputation that these firms are not over priced.  

In addition, VCs have the ability to attract high quality analysts to the entities going public, 

decreasing the level of irregular information at the time of offering. Barry et al. (1990) and 

Megginson and Weiss (1991) concluded from their results that VC-backing supports the 

quality of the IPO, leading to less underpricing. However, Habib and Ljungqvist (1999) found 

that the VC-backed firms in Megginson and Weiss’ study issued 36 percent more shares then 

the other firms. This suggests that VC-backed firms are motivated to take on costly 

procedures in order to reduce underpricing. While VC-backed firms suffer the same wealth-

loss as non-VC backed firms when the number of shares is considered, underpricing is 

reduced by actions taken by VC-backed firms to signal quality, rather then through VC 

certification. 

In terms of performance, most of the extant work concurs with Moonchul and Ritter (1999) 

that post-IPO firms in the US generally underperform since investors are overly optimistic 
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about their potential when listed. In terms of the aftermarket performance of VC and PE-

backed IPOs, Barry et al. (1990) argues that because venture capitalists hold a strong equity 

position in the companies they finance and influence, their role in the success of IPOs should 

not be underestimated. Moreover, there is a tendency for venture capitalists to choose small, 

young firms where information asymmetry problems exist. For this reason, venture capitalists 

are able to identify successful projects through superior monitoring techniques, in addition to 

having the ability to attract high quality analysts to the entities going public, decreasing the 

level of irregular information at the time of offering and increasing aftermarket performance.  

Francis and Hasan (2001) find that the initial day returns for VC-backed issues are higher than 

other issues. However, they attribute this to the deliberate underpricing that characterises 

issues brought to the market by VCs. Lee et al. (1996) found the average underperformance of 

VC and PE-backed issues in the market. Conversely, Brav and Gompers (1997) conclude that 

although VC-backed issues outperformed non-VC backed issues; underperformance is not 

caused by an IPO effect. This is in line with Loughran and Ritter’s (1995) conclusion that 

underperformance is not a trait of IPOs but rather a result of IPO firms being small with low 

book-to-market values.  

3. Empirical methodology 

A review of the extant literature on the pricing and performance of ordinary and VC and PE-

backed IPOs suggests two broad hypotheses. First, in terms of underpricing, VC and PE-

backed IPOs suffer less from underpricing then ordinary IPOs. Second, VC and PE-backed 

firms should outperform ordinary IPO firms post-listing. In order to test the first hypothesis, 

four complementary measures of underpricing are calculated: headline underpricing, 

underpricing issuer loss, underpricing loss by market value, and underpricing loss by issue 

price. To test the second hypothesis, average cumulative buy-and-hold abnormal returns are 

calculated and performance measures from pooled Fama-French three-factor regressions are 

estimated. 

3.1 Sample selection and data sources 

A list of all 1,500 IPOs undertaken during the period 1 June 1996 to 31 May 2007 is obtained 

from the Australian Stock Exchange (ASX). Initially, the firm’s prospectus is checked to 

determine if venture capital (VC) or private equity (PE) backing was present prior to the IPO. 
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For example, if the prospectus shows that a venture capitalist was a director or shareholder at 

the time the prospectus was issued, then the firm is VC-backed. However, due to the potential 

limitations of published information, all 1,500 firms were contacted via electronic mail 

(addressed to either the chief executive officer or the company secretary) enquiring about the 

presence of VC or PE activity in the firm prior to its release on the market.  

From the 1,500 companies, 281 replies were received (a response rate of 18.7%). This 

compares well with an optimal sample size of 306 for a 95% confidence internal. The sample 

comprises 182 (65%) ordinary firms, 54 (19%) VC-backed firms, and 45 (16%) PE-backed 

firms. Sixteen firms are excluded because of missing or abnormal data. Although the data set 

is not exhaustive, and may not necessarily comprise a pure random sample, the firms are 

spread over each of the years in the sample period and so meaningful results can still be 

drawn for the population. Regarding post-IPO performance, 91 firms only listed in 2006 and 

2007. Since these firms have only two years of post-IPO data, and given they have not 

delisted, the strategy taken is to allow these firms to phase out as their data ends. Following 

Ritter (1991), Loughran and Ritter (1995), Brav and Gompers (1997), Carter et al. (1998) and 

Gompers and Lerner (1999), delisted firms are excluded from the performance analysis. 

The requisite data is collected from various sources. Daily stock prices and the market index 

represent ASX historical data. The issue price, secondary shares (shares already issued prior 

to the firm going public) and primary shares (new shares offered in the initial public offer) 

and the proportion of shares retained by the firm are from the company’s prospectus. 

Information on the market value and book-to-market value are from the Aspect Huntley 

database. 

3.2 Measures of underpricing  

The four underpricing measures used in this study are adapted from Habib and Ljungqvist 

(1999) and Silva Rosa et al. (2003). First, headline underpricing (UPH) is a traditional 

measure of underpricing: 

 
( )

i

ic

P
PP

UPH
-

=   (1) 

where Pc is the closing price on the first day of trading and Pi is the issue price of the firm’s 

stock. Second, underpricing issuer loss (UPIL) determines the loss to the issuer per share: 
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where retained ownership is the portion of ownership of the firm retained (or the proportion of 

shares held by the board) and all other variables are as previously defined. Third, underpricing 

loss by market value (UPLMV) is the underpricing loss standardised by the firm’s market 

value: 
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where secondary shares is the number of shares held by pre-IPO shareholders, primary shares 

is the number of new shares offered in the IPO and total shares is the total shares on issue for 

the post-IPO firm. Finally, underpricing loss by issue price (UPLIP) shows the loss to the 

issuer standardised by the value of the firm based on the issue price  
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where all variables are as previously defined. 

The four underpricing measures in Equations (1)-(4) are calculated for each firm in the 

sample. The mean and median values for the all IPOs, ordinary IPOs, VC-backed IPOs, PE-

backed IPOs are also compiled. Finally, a value-weighted measure of each underpricing 

measures is calculated using: 

 ( ) ∑∑ shares Total×shares Total
i

i
i

ii UP  (5) 

where UPi is respectively UPSTD, UPIL, UPLMV and UPLIP. This measure of underpricing 

takes into account a firm’s size relative to the level of underpricing. 

The following numerical example provides an illustration. Consider XYZ Ltd, a company 

with 1 million shares on issue prior to floatation. The company is offering 5 million new 

shares and 50,000 existing shares to the public at A$2.00 per share. On its initial day of trade, 

the closing price is $2.30 per share so headline underpricing (UPH) is 15.0%. UPIL adjusts 

the headline underpricing measure for retained ownership. In this case, the firm’s existing 

owners retain 0.95 million shares of total issued capital of 6 million shares (15.8%), so UPIL 

is 12.6%.  
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The measure of the wealth lost to the firm divided by the market value of the firm after listing 

is UPLMV. The wealth loss to the firm comprises two parts. First, the firm loses 30¢ per share 

on the 50,000 shares sold ($15,000). Secondly, the firm bears a 15.8% share of the loss on the 

5 million shares sold at $2.00 instead of their ‘true’ value of $2.30 per share. This amounts to 

an additional 30¢ × 5,000,000 × 0.158 = $237,000. Thus, the total loss to the firm is 

$252,000. When this is expressed as a proportion of the market value of the firm after listing 

($2.30 × 6 million = $13.8 million), the UPLMV is 1.83%. UPLIP scales the loss to the firm 

($252,000) by the value of the firm implied at issue ($2.00 × 6 million = $12 million) and is 

2.1%. 

3.3 Measures of IPO performance – Cumulative abnormal returns 

The excess return of an IPO is calculated for 24 months starting the month after the stock has 

listed. In common with Fama and French (1993; 1996), Brav and Gompers (1997), Lyon et al. 

(1999) and Silva Rosa et al. (2003), excess return is measured in six ways, with equal and 

value-weighted measures using market index and market/book-to-market value quintile 

adjustments. 

Returns are defined as CBHAR (cumulative buy-and-hold abnormal returns) where the 

starting price for each company is its last price for the month of listing. The buy-and-hold 

return for each month up to 24 months is calculated. The CBHAR are then calculated by 

subtracting the return for the control: namely, the index, market value quintiles or book-to-

market quintiles. 

1 Controlm m

m

r rCHBAR
r

−⎛ ⎞−
= −⎜ ⎟

⎝ ⎠
 (6) 

The monthly control return is determined in the same way as the company returns. After the 

CHBARs are found for each firm, an average CHBAR (based on the CHBAR of each of the 

three controls) is calculated for that month for the 24-month observation period. 

For the index control, the value used in the return calculation is the index itself. The value 

used for the return calculation of the market value and book-to-market value quintiles is the 

average adjusted share return of the quintile that the IPO belongs according to its market 

value and book-to-market value. Because of data constraints, market value and book-to-

market values are only available on an end-of-year basis. Consequently, monthly market 
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values and book-to-market values were interpolated from the end-of-year figures. The market 

value and book-to-market quintiles are formed on a month-end basis. This allows firms to 

move from one quintile to another over time. 

Paired-sample t-statistics are calculated for each monthly CBHAR as there are two samples 

that have been matched or ‘paired’, namely the stock return and the control (market index, 

market cap and book-to-market values). First, the BHAR (buy-and-hold abnormal return) for 

month n is computed as CBHARn – CBHARn-1. The t-statistic for BHAR is: 

 ( ) nBHAR
BHAR

tBHAR month σ
 Average

=_  (7) 

where average BHAR is the sample mean of each month’s BHAR and σ(BHAR) is the cross-

sectional standard deviation of abnormal returns for the sample of n firms. The t-statistic for 

each month’s CBHAR is then calculated as: 

 
n

tBHAR
tCBHAR

n

month
month

month

∑
== 0

_
_  (8) 

The size of n changes each month owing to the staggered listing of firms. Adjustments are 

made for n so that only firms with returns actually available for a particular month are 

included.  

A value-weighted measure can be applied to underperforming IPOs as well as those 

generating excess returns. The first step taken to calculate value-weighted measures is to find 

the market value of all IPOs each month. The factor f for each IPO in its initial month of trade 

is: 

 
 valueControl

uemarket val IPO
=f  (9) 

The factor f can be thought of as the number of ‘shares’ in the index (or market or book-to-

market quintile) that can be purchased, such that the value invested in the index is the same as 

the market capitalisation of the IPO (Silva Rosa et al. 2003). As before, the control value for 

the index is the index itself; in market value and book-to-market value quintile calculations it 

is the market value of the quintile the IPO fits into for that particular month. The fixed factor f 

is then multiplied with the control value over the following 24 months, producing twenty-four 
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values (one per month) for each IPO. For the case of market value and book-to-market 

quintiles, each firm has five f-values (corresponding to each of the quintiles). Following this, 

the product of the f-values and the control values are summed for a given month 

giving . The value-weighted return is then calculated as one minus the 

total market value of all IPOs in the sample for a given month.  

(∑  valuesControl×f )

3.4 Measures of IPO performance – FamaFrench threefactor model 

Recent work claims that multifactor asset pricing models can explain many pricing anomalies 

found in the literature (Brav and Gompers 1997). For instance, Fama and French (1996) argue 

that the ‘value’ strategies in Lakonishok et al. (1994) and the ‘buying losers-selling winners’ 

strategy of DeBondt and Thaler (1985; 1987) are consistent with their three-factor asset 

pricing model. In line with the models specified by Fama and French (1996), Brav and 

Gompers (1997), Barber and Lyon (1996) and Silva Rosa et al. (2003), regression estimates 

are calculated for all sampled IPOs with more than ten monthly returns. The regression 

equation is specified as: 

 it it it t it t it t itR RMRF SMB HMLα β γ δ= + + + + ε   (10) 

where Rit, is the monthly return of the ith IPO for the tth month less the 90-day bank-accepted 

bill rate; RMRFt is the value-weighted portfolio return less the 90-day bank bill rate; SMBt 

(small-minus-big) is the difference in returns of a value-weighted portfolio of small and big 

stocks; HMLt (high-minus-low) is the difference in returns of a value-weighted portfolio of 

high and low book-to-market stocks, α (alpha),  β (beta),  γ (gamma) and δ (delta) are 

parameters to be estimated, and ε is the error term. A positive value for the intercept α 

indicates that after controlling for market, size and book-to-market factors in returns, the IPO 

has performed better then the norm. 

In order to determine HMLt and SMBt, all of the firms in the portfolio are ranked on a monthly 

basis according to their market value (MV) as at the end of the previous month. The median 

firm is then used to determine the split point, sectioning the portfolio into two groups: small 

(S) and big (B). In a similar manner, firms within the portfolio were ranked by their book-to-

market equity (BE/MV). For this analysis, book value is defined as the book value of 

shareholders’ equity. The portfolio is then divided into three BE/MV groups based on pre-

determined break points: the bottom 30% (Low), the middle 40% (Medium) and the top 30% 
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(High). In order to establish the appropriate break points, negative book value firms were 

excluded. The intersection of the two ME groups and the three BE/MV groups resulted in the 

construction of six portfolios covering all possible combinations. These are small market 

value with low book value (S/L); small market value with medium book value (S/M); small 

market value with high book value (S/H); big market value with low book value (B/L); big 

market value with medium book value (B/M); and big market value with high book value 

(B/H). Each portfolio contains all firms with the labelled attributes.  

The SMB variable is then determined by taking the difference between the average of the 

returns on the three small-stock portfolios  (S/L, S/M and S/H) and the average of the returns 

on the three big-stock portfolios (B/L, B/M and B/H) on a monthly basis. Similarly, monthly 

figures for HML are formed from the difference in average returns of the two high-book-to-

market-equity portfolios (S/H and B/H) and the low-book-to-market-equity portfolios (S/L 

and B/L). As defined, the corresponding coefficients beta, gamma and delta take values on a 

scale of 0 to 1: beta = one (zero) would be a high (low) market risk portfolio; gamma = one 

(zero) would be a small (large) cap portfolio; and delta = one (zero) would be a portfolio with 

a high (low) price/book ratio. 

4. Empirical results 

4.1 Measures of underpricing 

Table 1 provides the headline underpricing (UPH), underpricing issuer loss (UPIL), 

underpricing loss by market value (UPLMV), and underpricing loss by issue price (UPLIP) 

measures for the sample of IPOs by category  (ordinary, venture capital, and private equity). 

First, all IPOs are underpriced, on average, by 57.8% in terms of UPH. However, since the 

median level of underpricing is only 7.5% it is clear that underpricing is relatively low 

overall. Moreover, since the value-weighted mean underpricing is high at 81.8%, there is 

some indication firms with a higher market capitalisation are disproportionately underpriced. 

Second, UPIL has a mean value of 47.4%. That is, investors holding share equity prior to the 

firm’s initial public offer have collectively made a loss of 47.4% of their stock’s share price. 

Once again, the observed median score for UPIL is comparatively lower at 5%. Since the 

value-weighted UPIL is again higher at 65.3% it is again obvious that larger firms had higher 

levels of loss.  
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<TABLE 1 HERE> 

An interesting observation arises with the measure of underpricing that measures the wealth 

loss to the firm (UPLMV). Unlike UPH and UPIL, UPLMV is -11.1% (overpriced). In the 

case of a negative UPLMV, each of the 72 firms with a negative loss did not suffer from any 

underpricing, rather they performed poorly on their first day of trade. Consider, for example, 

Extract Resources Ltd. which suffered a massive price decline on the first day of trade (29 

August 2003), with prices falling from the issue price of $0.20 to $0.01 at close. This resulted 

in a UPLMV of -1024.32%. Karmel Sonix Ltd followed this with a ‘loss’ of -887.85%. After 

standardising by issue price (UPLIP), the entire sample shows an average underpricing of 

35.4%; when value-weighted an average underpricing of 52.2% is found. For all four 

measures of underpricing (UPH, UPIL, UPLMV and UPLIP) the null hypothesis that the 

mean is zero is rejected at the .01 level. We conclude Australian IPOs between 1996 and 2007 

are underpriced in headline (57.8%), issuer loss (47.4%) and issuer price (35.4%) terms, but 

slightly overpriced in terms of market value lost (-11.1%).   

Consider now the differences between ordinary, VC-backed and PE-backed IPOs. In terms of 

headline underpricing (UPH), VC-backed IPOs are less underpriced (32.1%) than either PE-

backed (39.6%) or ordinary (70.7%) IPOs. This supports the hypothesis that VC-backed firms 

are fairly priced. This broadly holds when the measure of underpricing is adjusted for the 

proportion of shares retained by the issuer is taken into account, though PE-backed firms are 

now less underpriced (20.2%) than their VC-backed counterparts (28.9%). This should reflect 

the willingness of PE investors to retain a smaller proportion of ownership in the listed entity. 

The null hypothesis that the mean is zero is rejected for UPH and UPIL at the .01 level for 

ordinary IPOs and at the .10 level  for VC-backed and PE-backed IPOs. We conclude that 

VC-backed and PE-backed Australian IPOs suffer less from underpricing than ordinary IPOs, 

and that when the proportion of ownership retained is taken account, PE-backed IPOS are less 

underpriced than VC-backed IPOs. 

<TABLE 2 HERE> 

However, a different picture emerges when the loss is standardised by market value (UPLMV) 

and the issuer price (UPLIP). In this case, neither of the mean underpricing measures is 

significantly different from zero for PE-backed IPOs and we may conclude these are fairly 

priced in the Australian market. For UPLMV, ordinary IPOs are moderately overpriced 
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(13.7%) and VC-backed IPOs slightly underpriced (7.3%) and both statistics are significantly 

different from zero at the .10 level or higher. In terms of UPLIP, the differences are again 

significant at the .10 level with ordinary IPOs underpriced by 39.7% and VC-backed IPOs by 

27.8%. Table 2 provides the results of tests of differences in variances and means between 

VC-backed and ordinary IPOs and PE-backed and ordinary IPOs. In all cases, the variances 

significantly differ. However, the mean underpricing for VC-backed IPOs is only significantly 

less than ordinary IPOs for UPH, UPIL and UPLMV, while the underpricing for PE-backed 

IPO is significantly less underpriced than ordinary IPOs only in terms of UPIL. On balance, 

we conclude that IPOs in Australia from 1996–2007, regardless of backing, are on average 

underpriced, but while strong evidence exists that VC-backed issues are less underpriced than 

ordinary issues, the evidence for a lower level of PE-backed IPO underpricing is weak.   

4.2 Measures of IPO performance – Cumulative abnormal returns 

Table 2 presents the two-year equal and value-weighted abnormal returns for the IPOs 

included in the sample by category of backing. The mean monthly equally weighted CBHAR 

against the index is 0.01% over the whole sample. Intriguingly the corresponding value-

weighted CBHAR (VCBHAR) for all IPOs is -1780.9%, identifying the phenomenal 

underperformance of IPOs to the market over the observed horizon. One inference is that the 

market index had a strong negative influence on IPO performance during the sample period. 

For example, 46 of the 132 monthly returns on the All Ordinaries are negative, with the other 

returns never exceeding 7.1% with a mean return of 0.75%. As a result, the f values calculated 

for each of the IPOs based on the market control are primarily below zero. Those firms that 

floated in a month where negative returns were recorded, acquired negative (f x Control 

value) for the remainder of its ‘life’ during the study. 

<TABLE 3 HERE> 

The CBHAR for the sample benchmarked against market value and book-to-market value are 

0.70% and 0.68% respectively. The corresponding t-statistics (not shown) for the CBHARs 

benchmarked against market quintiles and book-to-market quintiles fall within the rejection 

region at the 5% level of significance and are thus significant. The long-run equal-weighted 

CBHAR for the ordinary backed sample against the index is -0.3% (insignificant). Market 

quintile and book quintile CBHAR are 0.34% and 0.31% (both just significant). The value 

weighted results express similar results as found for the whole sample except for the market 
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value quintile score which performed quiet differently. All three measures for the ordinary 

sample moved in the same direction to these corresponding CBHARs, at 768.3%, -1.20% and 

281.6%.  

The results for the VC backed portfolio suggest that the portfolio performs better against all 

three benchmarks, even though the returns are still relatively low. Monthly returns of the VC-

backed sample against the All Ordinaries Index, market value quintiles and book-to-market 

quintiles, all display a fluctuating trend in CBHARs during the 24-month period. The 24-

month equal weighted cumulative buy-and-hold returns for the VC sample against the index 

is 2.14% and significant. Similarly, returns against market quintiles and book-to-market 

quintiles were 2.8% and 2.74% respectively, again both significant. As shown in Table 2, the 

CBHARs for the VC-backed firms are higher then any other sample. This is also evident in the 

value-weighted equivalent when tested against the index, market and book-to-market quintiles 

with returns of 1227%, 833% and 635% respectively. These extraordinarily large returns are 

partly attributable to a number of large cap firms experiencing substantial returns. The results 

suggest that if an investor invested in only VC-backed firms from 1996 to 2006 they would 

have made a positive return over a 24-month period. These results differ to Silva Rosa et al. 

(2003) who concluded that investors would have made a negative return if they had invested 

in Australian VC-backed firms from 1991 to 1999. 

<TABLE 4 HERE> 

The final group to consider is the PE sample, which performed in a comparable manner to the 

VC sample. The 24-month cumulative buy-and-hold abnormal returns against the: index is 

1.91% (insignificant), market value quintiles are 2.48% (insignificant) and book-to-market 

quintiles is 2.52% (insignificant). It is surprising to see that these results are insignificant. 

Although these results suggest that PE performance is statistically insignificant, there is no 

denying (like for the VC sample) that if capital were invested in PE firms during the 

observation period, positive returns would result. Yet again, the value-weighted figures imply 

that larger firms performed substantially better then smaller firms. Smaller firms were able to 

drag down the value weighted CBHAR averages from 1133%, 1114% and 699% (index, 

market, book-to-market) to their equal weighted equivalents of 2.14%, 2.8% and 2.74% 

respectively.  
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Table 4 provides tests of differences in the variances and mean CBHAR for VC-backed and 

ordinary IPOs and PE-backed and ordinary IPOs. All tests for equal variances reject the null 

hypothesis. Likewise, all tests that the mean abnormal return for VC/PE-backed IPOs are 

greater than ordinary IPOs reject the null hypothesis and we may conclude that VC-backed 

and PE-backed IPOs significantly outperform their counterparts, by three times for index 

returns and up to nine times for market and book-to-market value returns. In turn, VC-backed 

IPOs marginal outperform PE-backed IPOs.  

4.3 Measures of IPO performance – FamaFrench threefactor model 

Table 5.4 provides the estimated coefficients, t-values and p-values for the Fama and French 

pooled regression. As shown, alpha is positive but insignificant. This indicates that, after 

controlling for market, size and book-to-market factors in returns, IPOs have not performed 

better then expected. The coefficient for the market factor (beta) is positive, greater than unity 

and significant at the .01 level. Similarly, the coefficients for the small-minus-big and high-

minus-low factors are also positive and significant at the .01 and .10 levels, respectively. 

These result are “…consistent with the proposition that there at are least two factors that are 

priced in the long-run returns of IPOs”, (Silva Rosa et al. 2003, p.15). The adjusted R2 of the 

regression is relatively low at 4.61%. 

<TABLE 5 HERE> 

The regression outputs for the sub samples of ordinary, VC-backed and PE-backed IPOs 

provide similar results. In no instance is the coefficient signifying superior risk-adjusted 

performance (alpha) significantly different from zero. This provides similar results on the 

risk-adjusted performance of IPOs to Silva Rosa et al. (2003) for 333 Australian IPOs over 

the period 1991–1999. The betas are all significant, with ordinary IPOs and PE-backed 

displaying higher market risk than VC-backed IPOs. For PE-backed IPOs particularly, this 

would indicate that some of their performance is associated with higher levels of market risk. 

The gamma values are also significant and highest for VC-backed IPOs followed by PE-

backed IPOs signifying that part of the superior nominal performance of these IPOs can bet 

attributed to their small size characteristics. Finally, the values for delta are highest for VC-

backed IPOs and lowest for PE-backed IPOs indicating diffrences in performance associated 

with high (low) book-to-market values. In all three categories, most return variation is 

explained by the market, followed by size and lastly book value. However, the total 

–17– 

275



percentage of variation in returns explained by the three-factor model is never more than 6.7 

percent. 

5. Concluding remarks 

This paper examines the pricing and performance of ordinary, venture capital and private 

equity-backed initial public offerings in the Australian stock market from June 1996 to May 

2007. Headline underpricing, underpricing issuer loss, underpricing loss by market value, and 

underpricing loss by issue price are used to measure underpricing. Cumulative buy-and-hold 

abnormal returns with equal and value-weighted market indexes, market and book-to-market 

value quintile adjustments and the Fama-French three-factor model used to compare 

performance.  

In terms of underpricing, the results indicate that Australian IPOs are generally underpriced 

and that VC-backed and PE-backed IPOs are less underpriced than their oridinary 

counterparts. All four measures of underpricing — standard or ‘headline’ underpricing, 

underpricing loss to the issuer and underpricing standardised by market value and issue price 

— provide some evidence that venture capital and private equity-backed issues are less 

underpriced than ordinary issues. However, the evidence presented of a lower level of 

underpricing is most strong for VC-backed IPOs. These findings support comparatively recent 

evidence of IPO underpricing generally in the US Habib and Ljungqvist (2001), Francis and 

Hasan (2001), Bradley and Jordan (2002), Loughran and Ritter (2002) along with the 

conjecture that venture capitalists have an incentive and means available to prevent 

underpricing.  

In terms of post-IPO performance, the nominal performance benchmarks provide abundant 

evidence that IPOs outperform in terms of abnormal returns and that VC and PE-backed IPOs 

outperform ordinary IPOs. This supports work by Brav and Gompers (1997), amongst others, 

who concluded that VC-backed samples outperformed non-VC firms in the US. However, it 

lies counter to the only related Australia works by Lee et al. (1996) and Silva Rosa et al. 

(2003). One possibility is that both of these studies draw upon much earlier sample periods 

and that it is only relatively recently that venture capital and private equity-backed firms have 

begun to play a much larger role in the Australian market. However, analysis of the risk-

adjusted performance of VC and PE-backed IPOs — indeed all IPOs — indicates no 
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abnormal returns over a two-year horizon, suggesting that the superior long-run performance 

of IPOs mostly relates to their high level of market risk and very low book-to-market values 

for PE-backed firms and their small size attributes for VC-backed firms. 
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Figure 1. Summary of IPO activity, 2000-2006 
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Table 1. Measures of IPO underpricing by category 

Category Underpricing UPH UPIL UPLMV UPLIP 
Mean 0.578 0.474 -0.111 0.354 
Median 0.075 0.050 0.017 0.017 
t-statistic 4.155 3.885 -1.700 3.818 
p-value <0.001 0.001 0.090 0.001 

All IPOs 

Value-weighted 0.818 0.653 -0.001 0.522 
Mean 0.707 0.605 -0.137 0.397 
Median 0.058 0.050 0.002 0.002 
t-statistic 3.448 3.304 -1.704 3.069 
p-value 0.001 0.001 0.090 0.002 

Ordinary 
IPOs 

Value-weighted 0.838 0.705 -0.025 0.472 
Mean 0.321 0.289 0.073 0.278 
Median 0.080 0.076 0.035 0.037 
t-statistic 1.921 1.744 2.733 1.864 
p-value 0.060 0.087 0.008 0.068 

VC-backed 
IPOs 

Value-weighted 0.845 0.812 0.150 0.727 
Mean 0.396 0.202 -0.225 0.285 
Median 0.075 0.039 0.034 0.035 
t-statistic 1.834 1.958 -0.950 1.482 
p-value 0.073 0.056 0.347 0.145 

PE-backed 
IPOs 

Value-weighted 0.686 0.204 -0.009 0.630 
Notes: UPH – headline underpricing, UPIL – underpricing issuer loss, UPLMV – 
underpricing loss by market value, and UPLIP – underpricing loss by issue price. 
VC – venture capital, PE – private equity. t-statistics and p-values are tests of null 
hypothesis that means are equal to zero. 
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Table 2. Tests for differences in variances and means of IPO underpricing by category 

 Category UPH UPIL UPLMV UPLIP 
 F-statistic p-value F-statistic p-value F-statistic p-value F-statistic p-value 

VC-backed IPOs 4.869 0.000 3.942 0.000 28.400 0.000 2.446 0.000 

V
ar

ia
nc

e 

PE-backed IPOs 3.351 0.000 11.653 0.000 0.431 0.000 1.677 0.023 
 t-statistic p-value t-statistic p-value t-statistic p-value t-statistic p-value 
VC-backed IPOs -1.448 0.075 -1.266 0.104 2.475 0.007 -0.596 0.276 

M
ea

n 

PE-backed IPOs -1.037 0.151 -1.909 0.029 -0.354 0.362 -0.475 0.318 
Notes: UPH – headline underpricing, UPIL – underpricing issuer loss, UPLMV – underpricing loss by 
market value, and UPLIP – underpricing loss by issue price. VC – venture capital, PE – private equity. 
The null hypothesis for the two-sided variance test is that the underpricing for ordinary IPOs and VC/PE-
backed IPOs have equal variances. The null hypothesis of the one-sided means test is that the mean 
underpricing for VC/PE-backed IPOs is less than ordinary IPOs. The variance test determines whether the 
means test assumes equal or unequal variances. 

 

 

Table 3. Two-year abnormal returns for IPOs by category 

Category Variable CBHAR VCBHAR 

Index <0.001 9.364 
Market value quintiles 0.007 -0.410 All IPOs 
Book-to-market quintile 0.006 2.066 
Index -0.003 7.682 
Market value quintiles 0.003 -0.011 Ordinary 

IPOs 
Book-to-market quintile 0.003 2.816 
Index 0.021 12.277 
Market value quintiles 0.028 8.331 VC-backed 

IPOs 
Book-to-market quintile 0.027 6.350 
Index 0.019 11.330 
Market value quintiles 0.024 11.143 PE-backed 

IPOs 
Book-to-market quintile 0.025 6.988 

Notes: CBHAR – cumulative buy-and-hold return, VCHAR – 
mean CBHAR, VC – venture capital, PE – private equity. 

 
 

Table 4. Tests for differences in variances and means of IPO CBHAR by category 

 Category Index Market value  Book-to-market  
  F-statistic p-value F-statistic p-value F-statistic p-value 

VC-backed IPOs 0.117 <0.001 0.158 <0.001 0.157 <0.001 Variance 
PE-backed IPOs 0.234 <0.001 0.290 <0.001 0.289 <0.001 

  t-statistic p-value t-statistic p-value t-statistic p-value 
VC-backed IPOs 1.482 0.070 1.434 0.076 1.418 0.079 Mean 
PE-backed IPOs 1.621 0.053 1.450 0.074 1.493 0.069 

Notes: CBHAR – cumulative buy-and-hold return, VC – venture capital, PE – private equity. The null 
hypothesis for the two-sided variance test is that the CBHAR for ordinary IPOs and VC/PE-backed 
IPOs have equal variances. The null hypothesis of the one-sided means test is that the mean CBHAR 
for VC/PE-backed IPOs are greater than ordinary IPOs. The variance test determines whether the 
means test assumes equal or unequal variances. 
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Table 5. Pooled Fama-French regressions 

Coefficients and 
statistics All IPOs Ordinary 

IPOs 
VC-backed 

IPOs 
PE-Backed 

IPOs 
Alpha  0.003 0.000 0.009 0.014 
t-value 0.840 0.040 0.810 1.600 
p-value 0.401 0.971 0.419 0.111 
Beta  1.195 1.241 0.861 1.230 
t-value 10.410 9.710 2.290 4.020 
p-value <0.001 <0.001 0.022 <0.001 

Gamma  0.311 0.259 0.525 0.379 
t-value 7.610 5.730 3.920 3.360 
p-value <0.001 <0.001 <0.001 <0.001 

Delta 0.065 0.027 0.411 -0.166 
t-value 1.950 0.710 3.680 -1.680 
p-value 0.052 0.476 <0.001 0.094 
R-squared 0.047 0.046 0.072 0.065 
Adj. R-squared 0.046 0.045 0.067 0.059 
Notes VC – venture capital, PE – private equity. Alpha is the constant, beta is the 
estimated coefficient for the market portfolio, gamma is the estimated coefficient for 
the small-minus-big portfolio, delta is the estimated coefficient for the high-minus-
low portfolio. 
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Predicting bank stock performance with fundamental relative analysis: 

simultaneous multi-dimensional benchmarking as an investment tool 

1. Introduction 

Fundamental analysis is the process of evaluating a company's financial performance for 

investment purposes by primarily examining its financial statements. The principal aim of 

fundamental analysis is to improve the ability to forecast future movements in stock performance, 

which can then be used to design investment strategies or optimal stock portfolios. The problem is, 

when we analyze the financial statements of a company, we are essentially isolating the firm from 

its industry group and the market as a whole. Any follow up comparison of a company’s ratios 

against similar firms or industry averages evidently fails to capture the benefits of a simultaneous 

multi-dimensional benchmarking relative to its peers. Thus, given that no company operates in 

isolation, ratio analysis is an improvised evaluation of a company’s performance. To address this 

problem, we develop a model of fundamental analysis that takes advantage of the relative efficiency 

measurement technique data envelopment analysis (DEA), which is outlined later in this section. 

The paper’s main objective is to predict bank stock performance over a twelve-month horizon by a 

summary metric based on a model of fundamental relative analysis (FRA).  

 Yeh (1996), who combines financial ratios and DEA, comments on the main disadvantage 

of traditional ratio analysis, “…there is no clear-cut rationale for using one combination of ratios 

over any other to obtain an overall composite score” (p.987). The need for a relative comparison 

that generates a useful composite score is also acknowledged by Abad et al. (2004) who combine 

fundamental analysis with DEA, “Stocks need to be compared to each other, before the analyst can 

decide which one offers the best investment opportunities” (p.233). DEA provides the means for 

such an interactive benchmarking analysis and it has been applied across a wide-range of industries 

as well as in not-for-profit organizations. 

DEA is a non-parametric technique that computes a comparative ratio of pre-specified 

weighted outputs to weighted inputs for the production technology of each unit, which is reported as 
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the relative efficiency score. 1 At the heart of DEA lies the condition of Pareto optimality for 

efficient production. Pareto optimality states that a decision-making unit (DMU) is not efficient if 

an output can be raised without raising any of the inputs and without lowering any other output; 

similarly, a DMU is not efficient if an input can be decreased without decreasing any of the outputs 

and without increasing any other input (Charnes, Cooper and Rhodes 1981). 

The relative efficiency score (a scalar value) is usually expressed as either a number 

between 0 and 1, or as a percentage. A DMU with a score less than 1 is deemed inefficient relative 

to other units. Thus, DEA is classified an efficient frontier technique where those units on the 

frontier determine the potential improvements (projections) for the various inefficient units off the 

frontier. DEA's ability to capture the interactions among multiple inputs and multiple outputs is its 

distinct advantage over traditional ratio analysis; because of this characteristic, some researchers 

refer to DEA as a multi-criteria decision-making technique. 2 

 Nevertheless, standard DEA is not always appropriate. This is because standard DEA 

expects a priori specification of input and output variables that may or may not produce efficiency 

estimates significantly correlated with stock performance. While one can manually test the bivariate 

correlation between different DEA estimates and stock performance, this procedure would clearly 

be very cumbersome given the large number of possible combinations of inputs and outputs. Thus, 

we use the generalized DEA (GDEA) approach to automate this exploration.  

 The current paper identifies input and output combinations (i.e. financial ratios) that 

maximize correlations between DEA scores and stock performance. Thus, we identify inputs and 

outputs for each year across 2001-2006 through GDEA. Results of this fundamental relative analysis 

are then applied to stock selection as part of an investment strategy. Here, we look for a positive 

difference between the average return on a selected long stock portfolio and the average return on a 

short stock portfolio. Comparison of the difference between the long-short portfolio returns against that 

                                                 
1 See the seminal papers by Charnes et al. (1978), and Banker et al. (1984). 
2 The reader is referred to Cooper et al. (2007) for a more in-depth treatment. 
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of the full sample indicates the potential of the paper’s methodology to identify profitable trading 

strategies. 

 The above methodology is trialed with data on the Japanese regional banking sector where the 

ratios of non-performing loans to total credit have steadily improved during the study period 2001-

2006. However, the regional banks’ non-performing loans remain high relative to major Japanese 

banks and even higher compared to countries such as Australia. Therefore, it is of particular interest 

to investigate how well the stock performances of these troubled regional banks can be predicted 

through peer benchmarking based on financial ratios. 

 The remainder of the paper is as follows. Section 2 provides an overview of the conceptual 

framework and GDEA. Section 3 discusses relevant literature and improvements on extant 

literature. Section 4 explains the choice of variables and data, provides the technical details on the 

range-adjusted measure (RAM) and simulated annealing. Results and an application of the 

methodology developed are reported in section 5. The paper concludes in section 6. 

2. Overview of the conceptual framework 

In the introduction, it was stated that standard DEA is not always appropriate because of the 

need for a priori specification of input and output variables. Here, we offer further justification for 

that statement. For example, we expect that stakeholders in bank performance would interpret 

variables differently when it comes to categorizing a variable as an input or an output. This is due to 

the variety of stakeholders that include shareholders, customers, managers and employees, 

regulators, as well as sub-groups such as bank executives and branch managers. In DEA, we 

normally treat variables considered desirable as outputs, and those considered to be undesirable are 

treated as inputs. For instance, a head office executive would be more interested in running the 

organization with a smaller number of employees, whereas a branch manager may be interested in 

having more employees at the disposal of the branch. That is, number of employees is likely to be an 

undesirable attribute (i.e. an input) for the executive and a desirable attribute (i.e. an output) for the 

branch manager. 
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Similarly, shareholders would normally prefer higher dividends per share, yet bank 

management may prefer to retain earnings for additional reinvestment in business or to minimize 

the need for external funding and thus external monitoring of their activities. Of course, those 

variables where the stakeholders are in agreement as to their desirability can be treated as fixed (see 

Bougnol et al. 2005 for a fuller debate on multiple constituencies). Furthermore, sometimes it is 

possible to argue where an attribute would have the characteristics of an input and an output 

simultaneously. Therefore, in the absence of a compelling theory or managerial imperative to guide 

the selection, we avoid a priori specification of input and output variables and work with GDEA. 

This permits a flexible choice between inputs and outputs with a focus on practical results. Next, we 

review Edirisinghe and Zhang (2007) and detail GDEA illustrated therein. 

Edirisinghe and Zhang (2007) start with a complicated process of multi-step heuristic 

algorithm with random sampling and local search optimization which automatically selects a 

combination of inputs and outputs where the emerging DEA measure of financial strength is 

maximally correlated with stock performance. Edirisinghe and Zhang (2007) generate an index 

called the relative financial strength indicator (RFSI) which is demonstrated to be predictive of 

stock returns. The relative financial strength indicator ranges between 0-1, where an index of 1 

indicates the highest possible financial strength for a given firm relative to its industry. The authors 

illustrate their approach using quarterly financial statements for the period 1996-2002 on the US 

technology sector (with a sample size of 230 firms across six industries). Initially, RFSI is used to 

select a universe of securities for portfolio risk management. This is then followed by portfolio 

optimization to identify optimal security weights that would satisfy risk-return preferences of 

investors. 

In the current study, we adapt the generalized DEA approach followed by Edirisinghe and 

Zhang (2007). The list of financial ratios they refer to as the ‘universe of parameters’ are treated as 

potential inputs and outputs (see Table 1 in Edirisinghe and Zhang, 2007). This iterative 

optimization process begins with the universe of parameters entering DEA. Then, the correlation 
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between the emerging DEA estimates (financial strength metric) and the market performance of 

stocks is computed.3 The process continues with alternative assignments of inputs and outputs until 

this correlation is maximized. The major appeal of this process is the flexibility and automation it 

brings to selecting the particular combination of inputs and outputs that maximizes the predictive 

ability of the emerging DEA estimate on stock performance.  

3. Literature review 

3.1 Fundamental analysis and DEA on stock performance 

There are many examples in literature where the benefits of fundamental analysis over a 

random strategy have been evidenced. For example, Kuan et al. (1995) demonstrate that intrinsic 

firm value unearthed through fundamental analysis can identify investments that produce abnormal 

returns. Others who have reached a similar conclusion include Abarbanell and Bushee (1997, 1998), 

Setiono and Strong (1998), and Charitou and Panagiotides (1999). Since we have not set out to 

disprove the value of fundamental analysis, we accept its well-documented functionality and 

continue with a review of literature that links fundamental analysis, DEA and stock performance. 

In DEA literature, use of financial statement data or financial ratios (which is the main thrust 

of fundamental analysis) is neither new nor common practice. For example, Thore et al. (1994) use 

data from financial statements to estimate the intertemporal productive efficiency of US computer 

manufacturers. Yeh (1996) uses financial ratios for performance evaluation of Taiwanese banks. On 

the other hand, Halkos and Salamouris (2004) integrate six financial ratios derived from balance 

sheet and profit and loss statements as outputs in DEA to measure the performance of the Greek 

banking sector. A more common practice is to use some financial statement items in conjunction 

with variables usually sourced from the managerial information system of a firm (e.g. full-time 

equivalent employees, number of deposit or loan accounts, customer satisfaction, and so on). 

Alam and Sickles (1998) find a relationship between firm valuation and how efficient the 

US airline companies are in utilizing their resources for the period 1970-1990. Efficiency of 

                                                 
3 Edirisinghe and Zhang (2007) define the rate of return on stocks as the percent gain or loss generated from a dollar 
investment over the specified period. 
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resource utilization is captured by technical efficiency scores estimated by DEA and FDH4, which 

are then linked to stock market prices. They conclude that traders can generate abnormal portfolio 

returns without being exposed to systematic risk. 

Abad et al. (2004) design a two-stage DEA (output-oriented BCC) 5  that combines 

fundamental analysis (in a rather broad interpretation of the term) to estimate normative stock 

performance in the Spanish manufacturing industry, 1991-1996. The first stage (predictive 

information link) uses four balance sheet items and one income statement item extracted from 

consolidated financial statements as inputs, and a single output in the form of revenues. The actual 

best-case revenues and the revenues for the inefficient DMUs projected onto the efficient frontier, 

as well as operating expenses and book value, are then entered into the second stage DEA 

(valuation link) as inputs, along with a single output, market capitalization. Thus, the research 

design of Abad et al. (2004) shows what the stock prices should be, given predicted earnings. 

3.2 Three key publications 

Here, we review three recent papers that investigate the relationship between DEA scores 

and bank stock performance (the core focus of the current study). Chu and Lim (1998) investigate 

the relationship among cost efficiency, profit efficiency and stock prices for Singaporean banks for 

the period 1992 to 1996. They work with a very small sample size of six domestic banks and 

construct a data set of bank-year observations (i.e. a common efficient frontier). Following the 

intermediation approach to bank behavior, data are collected on the input variables of shareholders’ 

equity, interest expense, and operating expenses, and the output variables of rise in average assets 

and total income or profits. Assuming variable returns to scale, they then generate super-efficiency 

scores based on the BCC model to sort the efficient banks. Smoothed annual stock returns are 

regressed on percentage changes in cost and profit efficiencies. The coefficient of determination 

(R2) is reported as 19% with cost efficiencies, and a higher coefficient of 67% with profit 

efficiencies. The authors conclude that share prices reflect profit efficiencies to a greater extent than 
                                                 
4 Free disposal hull is a type of efficient frontier technique similar to DEA where the convexity assumption is removed 
to give way to a frontier that is defined only by the observed units and not by convex combinations. 
5 BCC is the acronym for the variable returns to scale DEA introduced in Banker, Charnes and Cooper (1984). 
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cost efficiencies. They also note that the larger banks have higher cost and profit efficiencies then 

the smaller banks.  

Beccalli et al. (2006) link changes in operating efficiency to changes in performance of 

European bank stocks across five countries using the BCC model as well as stochastic frontier 

analysis. The authors’ sample size varies between 11 and 29 banks for 1999-2000 and they use 

separate efficient frontiers to conduct their investigation within each country. They define inputs 

and outputs by following the intermediation approach to bank behavior where deposits, labor and 

capital are argued to produce loans and securities. Annual stock returns are then regressed against 

operating efficiency estimates. Beccalli et al. observe a statistically significant relationship between 

operating efficiency estimated by DEA and bank stock returns. The reported coefficient of 

determination (adjusted R2) is 14.6%. 

Kirkwood and Nahm (2006), as part of a greater study on Australian banking efficiency, 

examine the relationship between change in profit efficiency measured using the BCC model and 

stock returns. Once again, following the intermediation approach, they estimate how efficient major 

and regional domestic banks are in generating profit before tax and abnormal items against a 

common frontier. The study’s sample of ten domestic retail banks span the period 1995-2002. 

Number of full-time equivalent employees, property, plant and equipment, and deposits are 

modeled as inputs. The authors specify a model of excess stock returns where excess market return 

(i.e. market return less a risk-free rate) and change in profit efficiency (super-efficiency scores) are 

independent explanatory variables in regression. The reported coefficient of determination (R2) is 

29.2%. Kirkwood and Nahm (2006) conclude that major banks’ stock returns are more sensitive to 

overall market movements, and that changes in profit efficiency are statistically significant in 

determining bank stock returns, with a stronger association with regional banks.  

In summary, literature points to fundamental analysis used to discover abnormal returns but 

mixed success in use of DEA to explain the variance in stock returns. We also note that Chu and 

Lim (1998), Beccalli et al. (2006), and Kirkwood and Nahm (2006) do not fully incorporate 
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fundamental analysis into their research designs although they make use of some financial 

statement items to explain changes in stock prices. Furthermore, the research focus of these studies 

is one of finding an association between efficiency and stock returns in the same period, rather than 

a forward-looking model aimed at predicting future stock performance which can be used for 

selecting investments. Therefore, we maintain that a more systematic search for predictive inputs 

and outputs is necessary with the aim of identifying profitable investment strategies, where selected 

inputs and outputs are periodically updated to maintain their predictive abilities. There is a need to 

expand literature in this field given the dearth of studies that successfully combine fundamental 

analysis, DEA and bank stock performance. As far as we know, this paper is the first study to 

integrate fundamental analysis, DEA and prediction of bank stock performance. 

3.3 Improvements on extant literature 

The current paper makes a number of contributions to the extant literature. For example, 

Edirisinghe and Zhang (2007) base their generalized DEA on the input-oriented CCR (Charnes, 

Cooper and Rhodes 1978) model and others reviewed in the previous sub-section use BCC, where 

both models measure radial inefficiencies. As the first improvement, we use a more advanced and 

versatile DEA model known as the range-adjusted measure (RAM) attributed to Cooper et al. 

(1999) that captures non-radial inefficiencies. RAM is then integrated into the non-oriented GDEA 

approach where total input and output slacks are measured simultaneously, facilitated by a model 

that is units- and translation-invariant; accepts negative data (i.e. model works with free data)6; and, 

can handle large variations in scale and assumes variable returns to scale. The non-oriented 

approach also addresses the previously stated concern regarding the a priori specification of inputs 

and outputs expected by standard DEA, which normally assumes either input minimization or 

output maximization. We note that according to Bougnol et al. 2005, orientation is inappropriate in 

GDEA. 

                                                 
6 As is often the case in the real world, some ratios used in this study have negative values (e.g. growth rate of earnings 
per share, return on equity, operating profits after taxes to average total assets, and price to earnings ratio, all of which 
are influenced by negative earnings or a negative growth in earnings). 
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We note that use of RAM instead of the more traditional CCR or BCC models allows the 

analysis to capture the potential non-radial reduction in inputs and non-radial increase in outputs. 

That is, we maintain that the radial changes assumed in the CCR and BCC models are inappropriate 

unless proportionality can be strongly supported. For example, let us assume that we have two 

inputs (interest expense and non-interest expense) and two outputs (interest income and non-interest 

income). A bank may follow a policy of paying higher salaries to retain employees who excel in 

customer service (i.e. incurring relatively more non-interest expense) but makes up for this by 

offering slightly lower rates on its deposit accounts (i.e. incurring relatively less interest expense). 

Similarly, the same bank may opt to focus its attention on the sale of those products/services that 

fetch more fee income than loans (i.e. earning relatively more non-interest income). In these 

examples, proportional projections assumed in the radial and oriented CCR and BCC models cannot 

reflect the bank’s operational preferences. On the other hand, estimating non-proportional 

projections through non-radial and non-oriented RAM is a more realistic representation of the 

dynamic business world. 

The second improvement on Edirisinghe and Zhang (2007) involves the choice of super-

efficiency RAM. Traditional DEA suffers from scoring of all the efficient DMUs in a sample as 1. 

Where the sample size is small, discrimination among DMUs becomes problematic because of a 

large number of units showing a score of 1. This problem was first solved by Andersen and 

Peterson (1993) under the name of super-efficiency, where the censoring of scores above 1 is 

removed by comparing each efficient DMU to a reference set comprised of other efficient DMUs 

(but excluding the efficient DMU under investigation). That is, the researcher is able to distinguish 

among the efficient units in the sample and rank them. Therefore, the use of super-efficiency RAM 

(SRAM) brings additional discrimination to modeling which is particularly important where 

correlations are concerned. While the concept of super-efficiency is not new, to the best of our 

knowledge, this is the first appearance of SRAM in literature. 
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 Finally, the third improvement on extant literature involves the selection of the universe of 

input and output parameters identified from company financial statements. For example, while we 

recognize the eighteen parameters selected by Edirisinghe and Zhang (2007) as part of common 

ratio analysis (see Table 1 in Edirisinghe and Zhang, 2007), we choose a different starting point 

more appropriate for this study based on key financial ratios in bank performance analysis. This 

opens the way to compile a pool of potential inputs and outputs that are better tuned for this study’s 

sample of Japanese banks across 2001-2006 (see next section for details). 

4. Methodology 

4.1 Identifying potential input - output variables, data and the study setting 

To prepare the foundation for potential input-output variables for GDEA, we tap into 

accepted practices from two continents.7  Table 1, sourced from Fraser and Fraser (1990) and 

updated through FFIEC (2001), reviews key financial ratios on overall performance, profitability, 

and risk based on the Uniform Bank Performance Report from the USA.8 We notice that similar 

profitability ratios are also reported in van Greuning and Bratanovic (2000, p.99). Table 2 further 

lists selections of key measures used in the Australian industry report Financial Institutions 

Performance Survey (KPMG 2007). 

Consolidating Tables 1 and 2 and aiming for a parsimonious list of variables, we arrive at 

Table 3, which we treat as the universe of appropriate inputs and outputs for this study. We also 

bring in one growth parameter and two valuation parameters from Table 1 in Edirisinghe and Zhang 

(2007), namely, growth rate of EPS, PE and PB ratios, as well as the commonly used overall bank 

efficiency measure, intermediation ratio. The ratios in Table 3 are in the public domain, which leads 

us to expect changes in efficiency measures based on these ratios to be reflected in stock 

performance in efficient markets. 

Insert Tables 1, 2 and 3 about here 

                                                 
7 We were unable to find information on commonly used ratios in Japan. However, given the standardized nature of 
banking and international cooperation fostered by BIS, we expect the same or similar ratios to be in use in Japan. 
8 Uniform Bank Performance Report maintained by Federal Financial Institutions Examination Council (FFIEC) is 
based on balance sheet and profit and loss statement information submitted by insured banks. FFIEC promotes 
uniformity of supervision of financial institutions by prescribing standards for Federal examination. 
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Majority of the data are downloaded from the BankScope data base maintained by Bureau 

van Dijk Electronic Publishing. We work with a sample of 68 banks that represent the Japanese 

regional banking sector. While further scrutinizing the universe of inputs and outputs in Table 3, we 

notice that the variables growth rate of operating profit after tax and growth rate of earnings per 

share are highly correlated. Given the more informative growth rate of earnings per share, growth 

rate of operating profit after tax is deleted from the series. Furthermore, the ratio of loan write-offs 

to net interest income is altered by substituting the numerator with impaired loans because the data 

on write-offs are mostly missing. Similarly, we were unable to compute operating income per 

employee due to often missing data on number of employees. This leaves the study with nineteen 

independent variables that constitute the selection of potential inputs and outputs for the GDEA 

procedure. The dependent variable is stock performance (SP), calculated as the percentage change 

in annual return index reported in DataStream (return index includes both dividends and capital 

gains). 

 Here, we offer a brief background to Japanese banking. As a result of the ongoing 

deregulation which gained momentum in 1998, Japanese banks are operating in increasingly global 

markets offering a wider range of products and services. For example, the blanket guarantee of 

deposits was fully removed in April 2005 and banks have been increasingly emphasizing income 

generation through sales of insurance products and investment trusts. The Financial System Report 

by Bank of Japan (July 2006) mentions three significant behavioral changes for the Japanese banks: 

(a) a more aggressive lending attitude; (b) diversifying sources of profit; and, (c) establishing 

alliances with non-bank businesses.  We also note that Basel II, the new international capital 

adequacy framework, has come into effect in Japan as of March 2007. Regional banks are currently 

lagging behind the major Japanese banks in reducing non-performing loans and enhancing 

profitability (OECD 2006 July and Bank of Japan July 2006). In 2007, the ratios of non-performing 

loans to total credit for these two groups had improved to about 4% to 1.5% respectively, whereas 

in 2001 the figures were 8.1% and 8.7% respectively (Bank of Japan March 2007). Hence, we are 
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keen to explore how well the stock performances of Japanese regional banks can be predicted 

through peer benchmarking, which we assume can be captured by the accounting entries in their 

financial statements. 

Next, we introduce the range-adjusted measure, which is this paper’s choice of DEA model 

already justified in section 3.3 - improvements on extant literature. 

4.2 Range-adjusted measure of efficiency (RAM) 

We use the range-adjusted additive measure of efficiency in this study, which is a non-radial 

model. Consider a set of n  DMUs, with each DMU , 1,2,...,j j n=   using inputs ( )ijx i I∈  and 

producing ( )rjy r O∈ , where I  and O  are index sets of input variables and output variables, 

respectively. The linear program for the non-oriented variable returns to scale RAM model is shown 

below (Cooper, et. al., 1999), which evaluates the efficiency for DMUo : 
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where is
−  and rs

+  are slacks of input i  and output r , respectively, and jλ  is an intensity vector for 

DMUj . The objective function in equation (1) captures the case of maximum possible slackness. 

That is, if the worst case scenario reveals zero slacks then the DMU is argued to be efficient. Note 

that iR−  and rR+  represent the range of input i  and output r  as follows: 
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 (2)  

Now, we can see more clearly why RAM is units-invariant. When slacks for a particular input or 

output are divided by the range of the corresponding input or output, units (dimensions) of measure 
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cancel out, thus resulting in a dimensionless objective function (Banker et al. 2004). As indicated 

above, in equation (1), the test DMU is deemed efficient if the value for the objective function is 

zero. That is, for the test DMU to be efficient, all input slack (input excess) and output slack (output 

shortfall) must equal zero.  

This measure results in ties of zero for multiple efficient DMUs, making it impossible to 

differentiate among them. Fortunately, the super-efficiency model can be used to rank the efficient 

DMUs, which is obtained by eliminating the data on the test DMU from the production possibility 

set.  

Here, we develop the super-efficiency RAM score for efficient DMUs, which represents the 

first of such an attempt in publication. The production possibility set oP  excluding the test DMU is 

defined as, 
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where Xj and Yj are input and output matrices, respectively. An efficient DMU exists on the 

boundary or outside of oP . SRAM score for the efficient test DMU is measured based on the 

distance from the observed DMUo  to oP , which can be obtained by the following linear program: 
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where  it
−  and rt

+  denote slacks of input i  and output r , respectively, measured from a point 

outside of oP . In equation (4), the weakly efficient DMU which is located on the boundary of oP  

has the optimal value zero for the objective function, and the strongly efficient DMU located 

outside of oP  has a positive value. For the continuity of the range of scores from efficient to 

inefficient evaluation, we define the SRAM score δ  so as to have negative values by changing the 

sign of w , that is, 

 
efficient DMU

inefficient DMU

w

z
δ

−⎧⎪⎪= ⎨⎪⎪⎩
 (5) 

Thus, higher super-efficiency would be captured in greater negative scores. 

4.3 Generalized data envelopment analysis using simulated annealing 

Traditional DEA rests on the major premise that the inputs and outputs are explicitly 

identified a priori. That is, it is important to select appropriate inputs and outputs before applying 

DEA. If we understand the nature of the production process, we can determine what should be 

inputs and outputs, although it is a difficult task to select amongst many variables. Fortunately, 

when exogenous information on the performance of each DMU is available, we can utilize this for 

the selection of inputs and outputs. For example, in the generalized DEA approach proposed by 

Edirisinghe and Zhang (2007), inputs and outputs are selected so as to maximize the correlation of 

DEA estimate with the exogenous performance index of stock price.  

Assume that there are K  parameters (i.e. potential input–output variables), and the k -th 

parameter for DMU j  has an observed value j
kz . We introduce an auxiliary variable {0,1,2}kω ∈  

for parameter k  to denote whether parameter k  is selected as an input ( 1)kω = , an output 

( 2)kω = , or neither ( 0)kω = . The domain Ω  of trinary variables is denoted as 

 { }{ }0,1,2 , 1,2,...,k k Kω ωΩ = ∈ =  (6) 

The number of possible combination of variables kω  is 3K . Some parameters may be categorized 

into inputs or outputs a priori, in which case, the trinary variables are fixed to 1 or 2 and the 
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variable domain Ω is reduced. Then, we define the index set ( )| 1kI k ω= =  for inputs and 

( )| 2kO k ω= =  for outputs. 

For a given vector ω ∈ Ω , we can obtain the efficiency score by using the selected inputs 

and outputs. We denote this as ( )jδ ω  for DMUj . Here, we use the SRAM score as an efficiency 

measure, which is given by (1) for an inefficient DMU, and by (4) for an efficient DMU. The RAM 

model is used for evaluating efficiency with the input matrix ( )|j ijX z i I= ∈  and the output 

matrix ( )|j rjY z r O= ∈ . We want to select inputs and outputs so as to correlate the emerging 

efficiency estimates with SP. Let jR  denote the stock performance index of DMU j . The 

correlation between the efficiency score and the SP index is given by, 

 ( ) ( ( ), )j jCor Rω δ ωΓ = . (7) 

Therefore, we solve the binary programming problem to maximize the correlation. 

 
maximize ( )

subject to

ω

ω

Γ

∈ Ω
 (8) 

However, (8) is a difficult optimization problem because the objective function consists of a 

sequence of efficiency scores which require solving a linear programming problem for every DMU. 

Therefore, ( )ωΓ  cannot be explicitly written in a closed-form (i.e. in a functional form). This, in 

turn, means that it is very difficult to establish concavity or convexity.9 Moreover, the binary 

solution space Ω  brings a discrete optimization problem. 

Edirisinghe and Zhang (2007) proposed a two-step heuristic solution method to solve (8) by 

sampling an initial point from Ω , followed by a local search optimization in Ω . Despite this, the 

initial point is selected randomly because the local search optimization does not use a probabilistic 

scheme, and thus, the obtained solution is determined by the initial point. Therefore, the obtained 

solution is likely to emerge as a local optimal solution. 

                                                 
9 A concave function is the negative of a convex function. If a concave function has an apex, this point is maximal.   
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Instead of the two-step heuristic method, we use the simulated annealing method (see 

Kirkpatrick et al. 1983 and Rinnooy Kan et al. 1989) to solve (8). Simulated annealing is 

particularly suitable for solving problems with a large discrete configuration space, such as the 

universe of parameters in this study entering DEA, where an objective function is minimized or 

maximized. It is an iterative procedure with a random search mechanism that avoids the local 

optimal solutions while searching for the global solution. However, according to Davidson and 

Harel (1996), simulated annealing does not guarantee finding the desired global minimum 

(maximum) while it detects minima (maxima) values close to the global minimum (maximum). 

When we consider maximizing ( )ωΓ , having arrived at some point Cω , a random 

neighbouring point Nω  is generated. The ( ) ( )C Nω ωΔΓ = Γ − Γ  denotes the amount of 

improvement on ( )ωΓ . If 0ΔΓ ≤ , that is ( ) ( )C Nω ωΓ ≤ Γ , the point is updated to Nω  and the 

procedure continues from point Nω . Otherwise, if 0ΔΓ > , that is ( ) ( )C Nω ωΓ > Γ , then the point 

Nω  is considered worse compared to the point Cω . The procedure continues from point Nω  with 

probability exp( / )β−ΔΓ , and continues from current point Cω  with 

probability1 exp( / )β− −ΔΓ , where β  is a cooling parameter which should be decreased at an 

appropriate rate as the process continues.  

5. Results of fundamental relative analysis and an investment application 

The proposed approach is tested with 68 Japanese regional banks to find the optimal input 

and output combinations to predict stock performance through relative efficiency estimates. We 

have 19 variables as the universe of inputs and outputs for years 2001-2006 (see Table 3). Stock 

performance is measured by the percentage change in the return index for a given year. The 

objective is to explain the movement in SP one year ahead by identifying input-output combinations 

that will maximize the correlation between RAM score and SP. Thus, we identify inputs and outputs 

for each year across 2001-2006 through a combined application of GDEA and simulated annealing. 
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Results of this fundamental relative analysis are then applied to stock selection as part of an investment 

strategy. 

Previously, we justified the use of the GDEA in situations where there is no compelling 

theory or managerial imperative for designating particular variables as inputs or outputs. Our 

principal interest is of practical nature, that is, selecting inputs and outputs where the emerging 

efficiency estimates will be maximally correlated with SP. Results are shown in Table 4 where the 

R2 values corresponding to maximized correlations range between 15.3% and 36.7%. 10 These 

results are comparable to what was identified in literature review in section 3.2. 

Insert Table 4 about here  

We now demonstrate how the methodology developed can be used to select stocks that are 

likely to perform better or worse over a twelve month investment horizon. This could, in turn, 

provide portfolio managers with a new tool to set up long-short equity portfolios. Below, we show 

how the insight gained from this paper’s methodology can help identify which stocks can be held 

long versus short. Figure 1 summarizes the overall methodology proposed in the current paper. 

Insert Figure 1 about here 

We begin our example with the strongest case in Table 4, that is, the combination of inputs 

and outputs that yield the R2 of 36.7% for 2006. Figure 2 shows the corresponding association 

between bank efficiency scores for 2006 and SP for 2007, suggesting that stocks of efficient banks are 

more likely to experience a rise in performance.  

Insert Figure 2 about here 

 We act on the principle that long investment should target the stocks of those banks that 

promise to improve their stock performance (as predicted by the methodology) and short-selling 

should be populated by those banks whose stocks are expected to perform worse in the next twelve 

months. Therefore, ideally stocks from quadrant 2 of a scatter plot, that is, efficient banks with SP 

predicted to rise, can form a long equity portfolio. Rest of the stocks can be part of short-selling. 

                                                 
10 The reader is reminded that efficient banks carry SRAM scores less than or equal to zero. Therefore, correlations are 
negative. 
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Of course, there is nothing stopping the investor from constructing a parsimonious equity 

portfolio by being more selective about stocks to be held long or short (e.g. by using a proportion of 

the stocks from the two tails of the distribution). Below, we show the potential of this paper’s 

methodology for devising an investment strategy by initially considering an equal number of long 

and short investments. We arbitrarily select 15% of the stocks from each tail which allocates about 

ten stocks into each portfolio. A positive difference between the average return on the long 

investments and the average return on the short investments would indicate a potentially profitable 

trading strategy. 

Continuing to develop the above example, we use the SRAM scores in each year based on 

observed data to predict SP and thus, stock rankings for the next twelve months (see Figure 1 for 

details of the methodology). We then construct a bank equity portfolio comprised of an equal 

number of stocks identified from the two tails of the distribution as explained above. Table 5 shows 

the results of this selection process, including average portfolio returns based on predictions for 

long and short stocks. This approach mimics what is likely to happen in the real world (i.e. one 

selects stocks based on an analytical model’s prediction of potential returns). A positive difference 

between the average return on the long and short investments indicates a potentially profitable 

trading strategy.  

Insert Table 5 about here 

Nevertheless, usefulness of the methodology developed in this paper cannot be gauged 

solely on potential profitability. An analyst would also want to know the effectiveness of the 

prediction model and investment strategy by calculating the actual returns at the end of a pre-

determined investment period. A comparison of the predicted and actual profitability of the 

investment strategy over a twelve month period indicates substantial differences. However, this 

ought to be placed in perspective by comparing performance of the twenty-stock portfolio against 

the full sample of sixty-eight regional banks. The two rows in Table 5 on actual profitability 

indicate that the portfolio constructed using the paper's predictions is performing better than the 
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actual sample average in 2003, 2007, and 2008 (i.e. the model and the investment strategy 

outperforms the sector only half the time). 

In Table 6, we present descriptive statistics for three variables to further interpret the results 

reported in Table 5. All three performance variables improve after 2003, which coincides with the 

Japanese economy exiting the decade long recession that started in the early 1990s by bursting of 

the country’s bubble economy. Clearly, the last few years of the economic recession, 2001-2003, 

are characterized by worsening stock performance and profitability. On the other hand, credit 

quality appears to steadily improve, following a similar pattern observed for non-performing loans 

outlined in the financial system report (see chart 1-20, p.19, Bank of Japan 2008). The impact of the 

current global financial crisis started by the US sub-prime lending can also be seen in a falling 

return on equity and stock performance for the Japanese regional banking sector as of 2007. 

Insert Table 6 about here 

 Returning to Table 5, it can be seen that the well-performing years of 2004-2006 observed in 

Table 6 are characterized by a failure of the investment strategy to beat the market (as defined by 

the sector’s mean stock performance). This may be explained by investor expectations. That is, at 

the beginning of a recovery period, investors are likely to invest more in long stocks and less in 

short stocks (that are difficult to find). With too much money chasing few quality stocks, shorting 

becomes less profitable. Similarly, if a trader is unable to make a directional forecast about markets, 

a long-short strategy with a twelve-month horizon becomes more risky. 

In fact, if we change the investment strategy of investing in equal number of long and short 

stocks, performance of the prediction model in the years 2004-2006 improves significantly. For 

example, assuming only ten long stocks selected using the paper’s model, actual profitability for 

2004 becomes almost identical to that of the sector (compare the actual ALPR of 0.1546 against the 

actual profitability of the sector at 0.1597). On the other hand, in 2005, the new investment strategy 

still fails to match or outperform the sector, whereas in 2006 it substantially outperforms the sector 

(i.e. 0.4288 versus 0.2947). In summary, the prediction model developed in the current paper can 
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potentially generate positive returns when the market’s average stock performance is negative by 

holding a simple portfolio of equal number of long and short stocks. During times of positive 

market performance, respectable results can also be obtained by abstaining from shorting stocks. 

The above demonstrates an executable trading strategy. Summing up, the input-output 

combination emerging from the GDEA-based methodology can be used first to calculate new 

SRAM scores, and then predict SP for the following period. The new SP is then used to rank stocks 

and then select long and short stocks. In the presence of a positive difference between average long 

and short portfolio returns, this methodology provides direction for devising a potentially profitable 

trading strategy. Furthermore, actual stock performance over the next twelve months following data 

collection can also be monitored to gauge the effectiveness of the prediction methodology. 

6. Concluding remarks 

We identify the inability to execute simultaneous multidimensional benchmarking as a 

shortcoming of traditional fundamental analysis. We then develop a model of fundamental relative 

analysis to address this problem. In the process, we demonstrate how the summary metric to emerge 

from FRA can be correlated with bank stock performance, where the methodology developed 

produces R2 values comparable to those in relevant literature. We then present an application of the 

prediction methodology to an equity investment strategy where a long-short portfolio can be 

constructed by observing stocks indicated for a rise or a fall in performance. Results suggest that a 

potentially profitable investment strategy can be executed using the paper’s methodology. 

Future extensions of this paper can include trialing unbalanced portfolios where different 

proportions of long versus short stocks are held. Briefly, long-short portfolios come in many 

different formats including market-neutral portfolios with no exposure to the market, as well as 

indexed, enhanced indexed, active, and enhanced active equity portfolios that are exposed to the 

market (see Exhibit 1 for characteristics of various investment approaches in Jacobs and Levy 

2006). Such formats open a number of different approaches to actual allocation of capital. For 

example, if the manager is interested in maintaining a 120-20 long-short equity portfolio, then 
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optimal individual stock investments can be determined by benchmark weights where risk will be 

incurred relative to how much investments depart from underlying benchmark weights (Jacobs and 

Levy 2006). The reader is referred to Jacobs et al. (2005, 2006) for such integrated optimization 

procedures. 

This study is the first of its kind where generalized DEA and simulated annealing are used to 

develop fundamental relative analysis to predict changes in stock performance. The study brings a 

number of other methodological contributions as well. Use of the range-adjusted model (instead of 

traditional DEA models) to generate super-efficiency scores is, again, a first in literature. We regard 

RAM as more appropriate for real life business applications because it accepts data of any sign; 

efficiency estimates are not skewed by large variations in scale; and, non-proportional projections 

are more reflective of a dynamic business environment. Testing of the methodology with a different 

data set spanning a study period longer than six years would help better establish the 

generalizability of results. 

The approach that combines fundamental analysis with generalized DEA can be used in a 

dynamic fashion. That is, it would be reasonably straightforward to put in place a process of 

periodic evaluation, say, once a year, where updated values on key input-output variables are 

entered into GDEA. Within a rolling pre-determined period, such a process would initially test the 

inputs and outputs that are to be identified as the best predictors of stock performance. This self-

updating system would be useful to people such as investors, market analysts and other industry 

watchers, who will be better informed about which ratios to monitor in forecasting stock 

performance through a process of multidimensional peer benchmarking. The versatile nature of the 

methodology is particularly conducive to quickly selecting predictive ratios when markets are in a 

state of flux – such as the current sub-prime lending crisis. The methodology demonstrated in the 

context of Japanese banks is applicable to any industry in any country. 
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STEP 1 

Assuming it is June 2008, use fundamental relative analysis (i.e. GDEA with 

financial ratios + simulated annealing) to select the input–output combination that 

maximizes the correlation between SRAM efficiency scores for 2007 and stock 

performance (SP) for 2008 (end of fiscal year is 31 March).

STEP 2 

Use the input–output combination to emerge from Step 1 to calculate SRAM 2008. 

Then, use the regression relationship observed in Step 1 and SRAM 2008 in the 

current step to predict SP 2009. 

STEP 3 

Rank stocks on predicted SP 2009. Select top and bottom performers for long and 

short portfolio investment. 

STEP 4 

Calculate the potential profitability of the investment strategy on predicted SP 

2009. When using historical data, effectiveness of the prediction can be tested by 

comparing profitability based on predicted SP and actual SP. 

 

 
 

 
 
 
 
 

 
 

 
 
 
 
 
 

 
 

 
 
 
 
 

 
 

 
 
 
 
 
 

 
 

Fig. 1. Summary of the overall methodology 
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Fig. 2.  Plot of SRAM efficiency scores against stock performance, r = -0.6058 
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Table 1 

Key Bank Performance Measures, United States * 

Summary Ratio (overall performance) 

Net income / average equity (ROE)1 

Profitability Ratios Risk Ratios 

Net income / average assets (ROA)2 Overall Risk 

 Net interest income / average assets 

  Interest income / average assets 

       Interest income / average earning assets 

  Interest expense / average assets 

       Interest expense / average earning assets 

Primary capital / adjusted average assets 

(reciprocal of the EM3 with adjustments) 

Growth rate of assets 

Growth rate of primary capital 

Cash dividends / net operating income 

 Non-interest income / average assets Credit Risk 

 Non-interest expense/ average assets 

  Personnel expense / average assets 

  Occupancy expense / average assets 

  Other operating expense / average assets 

 Provision for loan and lease losses / average assets 

 Realized gains or losses on securities held to 

maturity 

 Realized gains or losses available on securities for 

sale 

 Net extraordinary items / average assets 

 Applicable income taxes / average assets 

 

 

 

Net loss / total loans and leases 

Earnings coverage of net loss 

Loss reserve coverage of net loss 

Loss reserve / total loans and leases 

Percent non-current loans and leases 

Provision loan loss / average assets 

Liquidity 

Temporary investments / volatile liabilities 

Volatile liability dependence (volatile 

liabilities less temporary investments 

divided by sum of net loans, leases, and 

debt securities over one year) 

Loans and leases / assets 

 Interest Rate 

 Gap (difference between the rate sensitive 

assets and rate sensitive liabilities)  

 Fraud Risk 

 Officer, shareholder loans / assets 

* Adapted from Fraser and Fraser (pp.91-100, 1990) and FFIEC (2001). 
Notes: 1 Return on Equity; 2 Return on Assets; 3 Equity Multiplier 
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Table 2 

Selected Key Bank Performance Measures, Australia * 

Strength and Soundness Size Growth 

Net assets Total risk weighted assets Increase in total assets 

Capital adequacy ratio Number of employees 

 FTE 1 

Increase in operating profit after tax 

   

Profitability Efficiency Credit Quality 

Return on Equity Operating expenses / ATA Loan write-offs / Net interest income 

Operating profit after tax / 

ATA2 

Operating income per 

 employee 

Net impaired assets / total assets 

Net interest income /ATA Cost / Income Net impaired assets / shareholders 

equity 

Non-interest income / ATA   

Interest margin   
 Market Information  

 Stock price  

 Dividends per share  

* Adapted from Financial Institutions Performance Survey (KPMG 2007). 
Notes: 1 FTE stands for full-time equivalent; 2 ATA stands for average total assets. 
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Table 3 

Pool of Key Bank Performance Measures for GDEA  
 Initial List (and acronyms) As per BankScope 

 
Size 1. Total risk weighted assets (TRWA) 

 
 
2. Average total assets (ATA) 
 

Risk-weighted assets on balance sheet, 
off balance sheet, and market risk 
equivalent  
Average of previous and current year’s 
total assets 

Strength 
and 
Soundness 
 

3. Net assets (NA) 
4. Capital adequacy ratio (CAR) 

Total equity  
Total capital ratio  

Growth 5. Growth rate of assets (GRA) 
 
 
6. Growth rate of operating profit after 

tax (later deleted) 
7. Growth rate of earnings per share 

(GREPS) 
 

Total assets at the end of current period 
over total assets at the end of previous 
period  
Post tax profit current period over post 
tax profit previous period 
EPS current period over EPS previous 
period  

Credit 
Quality 

8. Loan write-offs / Net interest income 
(NIA/NII) 1 

9. Net impaired assets / total assets 
(NIA/TA) 

10. Net impaired assets / shareholders 
equity (NIA/SE) 

 

Impaired loans / net interest income  
 
Impaired loans / total assets  
 
Impaired loans / equity  

Profitability 11. Return on Equity (ROE) 
12. Operating profit after tax / ATA 

(OPAT/ATA) 2 
13. Interest margin (NII/ATA) 
14. Non-interest income 3 / ATA 

(NonII/ATA) 
 

Return on average equity  
Post tax profit / ATA  
 
Net interest income / ATA  
Non-interest income / ATA 

Efficiency 15. Operating expenses / ATA 
(OE/ATA) 

16. Operating income per employee 
(unable to compute to due missing 
data on employees) 

17. Cost / Income  (CI) 
18. Intermediation ratio (IR) 
 

Total operating expense / ATA  
 
Total operating income / number of 
employees 
 
Cost to income ratio 
Net loans / total deposits and 
borrowings4 

Valuation 19. Dividends per share (DPS) 
20. Price to earnings ratio (PE) 
21. Price to book ratio (PB)  

Dividends per share  
Price / earnings ratio- avg. high-low  
Price / book value ratio- avg. high-low  

Notes: 1 Due to missing data, loan write-offs are substituted by net impaired assets. Net interest income equals interest 
income less interest expense; 2 ATA stands for average total assets; 3 Non-interest income equals fee income, other 
operating income and non-operating income; 4 There were many missing values for this ratio. In the interest of 
maintaining a large sample size, the ratio of net loans to total assets was used instead, which is highly correlated with 
the traditional definition of intermediation ratio. 
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Table 4 

Selecting Inputs and Outputs, and Correlating Emerging Efficiency Scores with following Year’s 

Stock Performance 

Year Inputs Outputs Maximum 

Correlations 

(R2) 

2001 TRWA, ATA, NA, NIA/NII, NIA/SE, 

NII/ATA, NonII/ATA, OE/ATA, IR, DPS 

CAR, GRA, GREPS, ROE, 

OPAT/ATA, C/I, PE 

-0.3912 

(15.3%) 

2002 ATA, NA, NIA/NII, NIA/SE, PB ROE -0.5047 

(25.5%) 

2003 NIA/SE ATA, NIA/NII, OPAT/ATA -0.5703 

(32.5%) 

2004 PB none -0.5467 

(29.9%) 

2005 NA, NonII/ATA, PB ATA, GREPS, DPS -0.5245 

(27.5%) 

2006  GREPS, NIA/SE, NonII/ATA, OE/ATA, IR, 

PB 

NA, CAR, NII/ATA -0.6058 

(36.7%) 

Notes: Stock performance is measured by the percentage change in annual return index sourced from DataStream that includes 

dividends as well as capital gains/losses. All correlations are significant below 0.01%. Corresponding input and output names can be 

read in Table 3. 
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Table 5 

Long and Short Investment Portfolios and their Comparative Performance  

Investment period: 

(R2 from Table 4: 

2003 

15.3% 

2004 

25.5% 

2005 

32.5% 

2006 

29.9% 

2007 

27.5% 

2008 

36.7%) 

Predicted stock performance:       

Average long portfolio return (ALPR) 0.0544 0.1073 0.4902 0.2972 0.6151 -0.0667 

Average short portfolio return (ASPR) -0.1394 -0.1215 -0.0227 -0.0823 0.1703 -0.2013 

Potential profitability of the trading strategy (ALPR) - (ASPR) 0.1938 0.2288 0.5129 0.3795 0.4448 0.1346 

Actual stock performance:       

Average long portfolio return (ALPR) -0.0343 0.1546 0.1169 0.4288 -0.1333 -0.1445 
 

Average short portfolio return (ASPR) -0.1128 0.2206 0.1172 0.2623 -0.1754 -0.2199 
 

Actual profitability of the trading strategy (ALPR) - (ASPR) 0.0784 -0.0660 -0.0003 0.1665 0.0422 0.0754 

Actual profitability of the regional banks (sample mean) -0.0234 0.1597 0.2108 0.2947 -0.1532 -0.1767 

Notes: Stock performance is measured by the percentage change in annual return index sourced from DataStream that includes 

dividends as well as capital gains/losses. Sample mean is the yearly average of stock performance for the 68 Japanese regional banks 

under study. 
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Table 6 

Descriptive Statistics on Stock Performance, Profitability and Credit Quality, 2001-2008 

 % change in return index  Return on equity  Impaired loans / total assets 

Year Mean SD CV  Mean SD CV  Mean SD CV 
2001 -0.013 0.127 -9.438  -0.273 7.702 -28.220  0.047 0.019 0.406 

2002 -0.027 0.152 -5.708  -5.616 14.411 -2.566  0.053 0.022 0.418 

2003 -0.023 0.139 -5.925  -2.120 10.789 -5.088  0.052 0.019 0.372 

2004 0.160 0.261 1.634  3.925 3.874 0.987  0.047 0.017 0.368 

2005 0.211 0.227 1.076  4.952 2.779 0.561  0.038 0.014 0.359 

2006 0.295 0.277 0.940  4.963 3.823 0.770  0.032 0.012 0.369 

2007 -0.153 0.093 -0.605  4.325 8.032 1.857  0.028 0.009 0.327 

2008 -0.177 0.148 -0.839  2.726 8.580 3.147  0.027 0.009 0.316 

Notes: SD (standard deviation); CV (coefficient of variation). 
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Abstract 
 
 

The high end of day final transaction return has been well documented on many 
exchanges. The unique two session trading day on the Istanbul Stock Exchange is 
used to test whether the end of day effect is really an end of period effect. Both the 
morning and afternoon trading sessions are found to have high final transaction 
returns, but the magnitude of the returns in the second session is twice the size of the 
return at the end of the first session. Harris’ (1989) suggestion that a manipulator 
would use the smallest order size to manipulate prices to reduce expected costs is 
confirmed as final returns in the afternoon session are found to be more influenced by 
small trades than returns in the morning session. These results are consistent with 
closing price manipulation, and the paper offers suggestions for improving end of day 
price representativeness.  
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Is There Closing Price Manipulation on the Istanbul Stock Exchange? 
 
 
 

The final price of the day is undeniably important in valuing individual stocks and 

portfolios. Closing prices are used for mutual fund valuations that affect acquisitions 

and redemptions, and the prices are used to determine the value of derivatives as well 

as evaluate traders. Researchers have documented an abnormally large positive return 

by the final transaction at the end of the trading day on several stock exchanges 

suggesting that closing prices do not represent equilibrium prices. Harris (1989) on 

the New York Stock Exchange, Gosnell (1995) on the American Stock Exchange and 

Michayluk and Sanger (2006) on Euronext Paris all find that there is a shift to the ask 

price in the bid-ask spread at the end of the trading day. Keim and Stambaugh (1984) 

show that the shift to the ask price only represents a portion of the day end transaction 

return and that the final transaction return represents an increase in prices on the final 

transaction of the day even when only bid-to-bid returns are used. 

Several explanations have been suggested to explain the price rise at the end 

of the day including price manipulation. Although, Terry (1986) and Harris (1989) do 

not find evidence of manipulation, Felixson and Pelli (1999) find weak support for 

closing price manipulation in the Finnish Stock Market.  Hillion and Suominen (2004) 

provide an agency based model for the closing price manipulation hypothesis. They 

argue that the day-end effect is driven by intentional manipulation of closing prices by 

market participants. Hillion and Suominen note that bid and ask prices were higher 

and volatility increased near the close of trading before the introduction of call 
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auction in the Paris Bourse, suggesting that the closing auction may prevent small 

trades from affecting the closing price.1  

 Although Harris (1989) rejects the price manipulation argument, he notes that 

“a manipulator who wishes to bias the closing price would try to do so, using as small 

a transaction as possible to minimize expected costs.” Thus, one way to test the 

closing price manipulation hypothesis is to compare the trade sizes at the end of the 

trading period compared to other trading periods. This indirect way of determining if 

manipulation is present is the focus of this paper. McInish and Wood (1992) have 

shown that trading is concentrated at the beginning and ending of the trading day in a 

U shaped pattern, so this predisposition for more trades at the end of the day will 

work against finding smaller trades at the end of the trading period. We first use the 

unique market structure of the Istanbul Stock Exchange (ISE) to determine if the large 

final transaction return is present on the exchange. We then investigate the existence 

of price manipulation by determining the probability of small trades and estimating 

their frequency.  

A day end transaction price return on the ISE is hinted in earlier research by 

Bildik (2001). He shows that average 15-minute returns on the ISE increase near the 

close of trading. Likewise, the concern about manipulation on the ISE is not new. 

Kucukkocaoglu (2003) investigates end of day price manipulation for 8 stocks on the 

ISE using 2002 data. Kucukkocaoglu tests price manipulation by comparing the final 

return with traders’ accumulation of shares since a larger shareholding would create a 

larger incentive to influence the price, but he finds only weak results to support price 

manipulation using this approach to testing. Fried (2002) indicates that price 

manipulation is difficult to identify in thinly traded securities, yet by examining a 

                                                 
1 More recently, Comerton-Forde, Lau, and McInish (2007) report that closing price manipulation has 
lessened after the introduction of call auctions at the Singapore Stock Exchange. 
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large sample of stocks on the ISE, differing frequencies of small trades at the end of 

trading periods can provide some evidence about the likelihood of price manipulation. 

 This paper contributes to the literature in three ways. First, the existence of the 

end of day transaction return anomaly is investigated on the ISE. Second, the two 

separate trading periods each day on the ISE are used to investigate whether the end 

of day transaction price anomaly is present at the end of both periods, even though 

only the latter period is used for valuation purposes. All previous studies analyzed 

final trades in a market with only one daily session. The presence of an abnormally 

high return at the end of both periods would suggest that the anomaly is not strictly an 

end-of-the-day trading effect. Third, Harris’ (1989) suggestion that small orders may 

be used to manipulate closing prices is tested by investigating the use of small orders 

and the frequency of trade sizes on the ISE at the end of each trading period.  

We find that the end-of-day effect is present on the ISE during both trading 

sessions, suggesting the effect is better characterized as an end of period effect. In 

addition, the paper shows that it is small transactions that are driving the results 

especially at the end of the day, providing support to the existence of price 

manipulation by traders. The paper proceeds as follows: Section 1 describes the 

unique features of the Istanbul Stock Exchange. Section 2 describes the data and 

method of analysis. Section 3 reports results while Section 4 concludes. 

 
1. The Istanbul Stock Exchange 
 

 

The Istanbul Stock Exchange (ISE) was established in 1985 and began its operations 

with 80 companies in 1986. At the end of 2006, 290 companies were trading on the 

exchange. Since its establishment, total market capitalization of the ISE’s listed 

companies increased from $938 million at the end of 1986 to $162 billion at the end 
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of 2006. The increase in market capitalization can be partially attributed to increased 

interest by foreign investors, as the percentage of free-float owned by foreign 

investors jumped from less then 1% percent in 1986 to more than 70% in 2006. 

There are no specialists or market makers in the ISE and prices in the market 

are determined on a multiple price continuous auction method. After fully automating 

the trading system and becoming fully computerized in 1994, the ISE now matches 

buy and sell orders using the computerized system on time and price priority.  

 There are two daily sessions in the ISE: one in the morning and one in the 

afternoon.2. During 2005, the first daily session was from 9:30 a.m. to 12:00 p.m. and 

the second daily session was from 2:00 p.m. to 4:30 p.m. The first 15 minutes of the 

morning and the first 10 minutes of the afternoon sessions were used as the 

accumulated order processing (AOP) periods with no trading.  

The ISE imposes price limits in each session. ISE rules dictate that prices 

cannot differ by more than 10% of the base price in either direction in a session. The 

base price is determined by the weighted average price prevailing during the previous 

session. Bid and ask spreads are also controlled by the exchange. The exchange has 

ten price regimes and each regime is assigned a predetermined bid-ask spread. For 

example, stocks with prices between 2.52 and 5.00 YTL have a mandated bid and ask 

spread of 0.02 YTL. 

 The National-100 is the main market index and is composed of 100 stocks not 

including REITs. Stocks in the index are chosen on predetermined criteria that take 

into account each stock’s percentage free-float, average daily volume, and market 

capitalization. Similar to the National-100, the National-30 index is composed of 30 

stocks that come from the main index and the stocks are again selected on similar 

                                                 
2 The exchange made several changes to the opening process and session times effective 7 September 
2007. A call auction was introduced at the open and the second session was extended by thirty minutes. 
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predetermined criteria. The ISE reviews the composition of National-100 and -30 

indexes four times each year and adjusts the constituent stocks if necessary. 

Compared to the National-100 index, total market capitalization of the National-30 

index companies was approximately 80% of the National-100 index companies 

market capitalization at the end of 2005. 

 

2. Data and Methodology 

 

The daily transaction and quote data used in the study was provided by the ISE and 

complementary Reuters data was sourced from the Securities Institute Research 

Centre of Asia-Pacific (SIRCA). The data set comprise all stocks included in the 

National-30 index between January 1, 2005 and December 31, 3005. Only those 

stocks that were in the index at the beginning of 2005 are included.3 The dataset has 

9,772,982 transactions for 30 stocks over 254 trading days in 2005. The ISE data does 

not include bid and ask spreads associated with each transaction. However, the ISE 

began publishing session bulletins on March 31, 2005. The bulletins report session-

end closing prices of all stocks and bid and ask spreads for the last trades.4 To test the 

closing price manipulation hypothesis in bid-ask spreads are obtained from the 

bulletins. Complete Reuters data is now available and this paper will be extended 

using the complete data. 

Since there are two daily sessions in the ISE, there are two closing prices: one 

for the morning session and one for the afternoon session. This unique structure 

provides two end of period returns, yet only the closing prices of the second session 

                                                 
3 The ISE changed the composition of the index four times in 2005. The ISE replaced nine stocks in the 
index during 2005. As a robustness check, the analysis is extended to include all stocks that were in the 
index at some point during 2005 (39 stocks) and the main results of the analysis do not change.  
4 The bulletins, however, do not provide the size of the last trade. 
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are used as benchmark prices by market participants. If the purpose of the price 

manipulation is to influence closing prices, a trader would try to affect the closing 

prices of the second session. Therefore, if market participants have a clear incentive to 

artificially increase (or decrease) prices in the second session, then there should be a 

statistical difference between session-end returns of the two sessions. Paired sample 

testing will be used to determine if the final transaction returns are statistically 

different. The position of the final trade with respect to the bid-ask spread and the 

final trade size will be determined and will be compared between the two sessions in 

order to examine whether the trade size differences are present. A higher percentage 

of trades at the ask price will be consistent with some of the earlier literature. Smaller 

trade sizes in the second session would support price manipulation by traders. Both 

parametric ANOVA and non-parametric Kruskall-Wallis (K-W) tests of difference 

will be performed. A regression analysis will be performed to determine if the number 

of small trades or shift to the ask price is significant after adding control variables. 

The ISE was closed during afternoon sessions days several times in 2005 and 

on those days with only morning sessions those days were discarded. In addition, the 

ISE temporarily suspends trading in a stock during the day if there are special 

situations such as rumors about the company. All days with temporary suspensions 

were excluded from the analysis. After these corrections, the final data set reduces to 

9,711,332 transactions with 7,513 session-end trades over 251 trading days. 

 Descriptive statistics are presented in Table 1. Means and medians for the 

stock price and firm size are determined using the average closing prices and firm 

market capitalization for each stock. The mean stock price is 7.06YTL with a median 

of 5.21YTL whereas mean firm size is 3,453 million YTL with a median of 1,918 

million YTL. Minimum and maximum values indicate that there is a big dispersion 
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among sample firms. Infrequent trading is not a problem for this sample since the 

average number of firms trading each day is 29.93. 

 Figure 1 plots average 15-minute returns for each session. Except the first and 

last 15-minute periods, returns in both sessions have a similar pattern as they are close 

to zero. The first 15-minute return of the first session is positive and significantly 

different from zero; however, second session’s first 15-minute return is negative and 

significantly different from zero. The figure shows that last 15-minute returns of both 

sessions are positive. However, it appears that magnitude of the second session’s 

return is about twice that of the first session’s return.  

Figure 2 presents a plot of the average volume over 15-minute intervals for 

both sessions. In each session, the average volume starts out high at the open, 

gradually declines thereafter, and increases near the end. However, the average 

volume of the last 15-minute period in the second session is more than twice that of 

the first session.  

Figure 3 presents a plot of the average number of shares per order for each 15-

minute period and both session have nearly identical patterns. The average number of 

shares in each order is about 2,700 shares for the first 15-minute period and increases 

to about 3,000 shares in the second 15-minute period and is approximately the same 

throughout each session except for the final 15-minute period. In that last period, the 

average number of shares per order declines slightly for the second session but 

increases for the first session. 

 All three figures suggest that both first and second sessions are similar and 

generally follow a similar pattern except for the first and last 15-minute periods. The 

high positive return at the end of session 1 is followed by a negative return at the 

beginning of session 2, suggesting that the first session ending return is reversed after 

 7

322



lunch. The following section quantifies the pattern observed at the end of the trading 

sessions. 

 

3. Session-End Returns 

 

Final transaction returns are calculated using the last two transactions of each session. 

Returns are calculated for each stock each day and then averaged over all stocks each 

of the trading days in 2005 to give a sample of 251 observations used in all 

calculations. This procedure is done to ensure that contemporaneous returns do not 

compromise statistical testing as mentioned in Harris (1989). Table 2 reports mean 

session-end returns and tests of difference. The first row in the table shows that 

average session-end returns of both sessions are significantly different from zero and 

that the mean return for session 2 (0.0852%) is twice as large as the mean return for 

session 1 (0.0466%). As a robustness check, the average transaction return excluding 

first and last transactions of each session is estimated and it is found to be essentially 

zero for both sessions. Both ANOVA and K-W tests reject at the 1% level that the 

means are same. Clearly, the results indicate that the session-end effect and the day-

end effect both exist on the ISE. 

If price manipulation is partly responsible for high day-end returns, then the 

session-end effect should be more pronounced in the second session in the ISE, as 

traders have a clear incentive to manipulate prices. As the first row of Table 2 

indicates, the last transaction return in the second session is significantly higher than 

in the first session, suggesting that price manipulation might be playing a role in 

larger second session-returns.  
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Harris (1989) and Gosnell (1995) separate the last transactions into whether 

they occur before the last five minutes of trading.  Both studies report that the last 

transactions occurring during the five-minute period before closing have larger returns 

than those that take place before the last five minutes of trading. Following this 

approach, the next section of Table 2 classifies the last transactions as before and after 

a cutoff period. The cut off times used are 5 minutes, 1 minute and 5 seconds before 

the end of trading. Focusing on the 5 second cutoff (in rows 6 and 7), most of the final 

transactions in the first session take place before the last five seconds of trading 

(5,044 versus 2,469) but most final transactions in the second session take place 

during the last five seconds (1,695 versus 5,818). This pattern contrasts with the 

pattern observed on other exchanges. Harris (1989) shows that only about 23% of 

day-end transactions take place during the last minute of trading on the NYSE while 

Hillion and Suominen (2004) report that approximately 2.5% of all day-end 

transactions take place during the last minute of trading in Paris. A very large 

proportion of the final trades on the ISE take place just seconds before the end of 

trading. 

Last two rows of the table indicate that average session-end returns almost 

doubles when the last trade takes place during the last five seconds. Average session-

end return is 0.0347% (0.0496%) when a trade takes place before 11:59:55 a.m. 

(4:29:55 p.m.) in the first session (in the second session) and increases to 0.0745% 

(0.0978%) when the trade occurs during the last five seconds of trading. My results, 

thus, confirm both Harris (1989) and Gosnell (1995) that  the last transaction return 

increases as the last trade gets closer to the end of session. However, unlike previous 

studies including Harris (1989) and Gosnell (1995), most trades take place in the last 

minute of trading and an important number of them occur in the last five seconds. 
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Overall, Table 2 shows that there is a significant last transaction return in each 

session with the magnitude of the session-end return much larger for the second 

session. Most session-end transactions take place during the last five seconds of 

trading and the magnitude of the session-end return increases when the last trade 

occurs during the last five seconds of trading. These findings support the hypothesis 

that price manipulation might be causing high day-end returns.  

 

3.1  Price level   

 

The price level may explain some of the large end-of-session returns. Table 3 presents 

session-end returns based on price groups. Since most of the session-end transactions 

take place during the last five seconds of trading in the second session, the 

differentiation between these two groups is retained in this table. To construct price 

groups, stocks are first sorted in an ascending order by their average session closing 

prices and then they are placed in one of six groups. There are three morning session 

groups and three afternoon session groups.5 Each price group has ten stocks and 

group one contains the lowest priced stocks whereas group three contains the highest 

priced stocks. Parametric ANOVA and non-parametric K-W tests are used to examine 

differences among price groups and between session-end returns.  

The first two columns of Table 3 indicate that the session-end returns decline 

as the stock price increases. For example, in the second session reported in column 

two, the lowest price level group has a return of 0.0966% and the highest price level 

group has a return of 0.0722%. However, the declining return with price (inverse 

monotonic) relationship is not observed for the first session (column one) as the 

                                                 
5 In an unreported table, stocks are classified based on their 2005 opening prices. The results from that 
table are similar to Table 3. 
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average return for the second price level group is the highest. Nevertheless, in both 

sessions, the lowest session-end returns are associated with highest priced stocks. The 

last transaction return of the second session is about twice of the last transaction 

return of the first session (0.0966% versus 0.0484% for the lowest price level group). 

Overall session-end returns are statistically different from each other each price level 

(reported in column 7), but there are only statistically significant differences between 

the price levels in the second session. 

The next four columns of Table 3 report mean final transaction returns after 

dividing observations into groups based on the timing of the final transaction relative 

to the last five seconds of trading. The average final transaction return of each price 

group for the last trades before the last five seconds of trading is significantly 

different from zero for both sessions. However, ANOVA and K-W tests fail to reject 

the null hypothesis that session-end returns classified by price level are the same. 

When last trades take place during the last five seconds of trading, session-end returns 

increase for both sessions. For instance, average session-end return of group one is 

0.0372% for trades before the last five seconds and jumps to 0.0655% when a trade 

occurs during the last five seconds in the first session.  

Harris (1989) points out that price clustering on integers and halves might 

explain high day-end returns. Although, he finds that price clustering exists in his 

data, he rejects the price clustering explanation for the day-end effect. Booth and 

Yüksel (2006) investigate price clustering in the ISE and they find a slight clustering 

in the ISE. This price clustering may explain some of the higher returns for the lower 

priced stocks but since the session end returns are still positive and significant for the 

large priced stocks this hypothesis does not explain the high session end returns on the 

high priced stocks where the price clustering will have a lower return effect.  
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The session-end returns classified by price level indicate that there is a 

negative relation between the last transaction return and price level that is present in 

the second session. However, there are only minimal statistical differences between 

the final return across different price levels if transactions are broken into groups 

before and after 5 seconds before the end of trading. The finding across the price 

levels in the second session is consistent with the findings of Harris (1989) and 

Gosnell (1995) who found a strong negative relation between day-end return and price 

level. The lack of a relationship between price and return at the end of the first session 

on the ISE is unexpected and may be due to the smaller magnitude at the end of the 

first session. 

 

3.2. Trading Volume 

 

Harris (1989) investigates but does not find a relationship between day-end returns 

and trading volume. Using the ISE data, stocks are classified into three equal-sized 

groups based on their average annual percentage of trading volume during the last 

five seconds of trading.6 The first two columns of Table 4 report that there is a 

negative relation between session-end returns and liquidity as measured by volume 

during the last five seconds. This negative relationship indicates that smaller amounts 

of trading leads to higher returns and is counterintuitive since the amount of trading is 

expected to be positively related to the price impact in the market. This pattern is 

statistically significant only in the second session, and is consistent both when the 

final transaction is before or during the final 5 seconds of trading. 

 
                                                 
6 Volume in the final five minutes is also used and results are qualitatively similar. Session end returns 
are also examined across the number of trades and firm size as the liquidity measure and results are 
qualitatively similar. 
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3.3. Frequency of Final Trades at the Ask Price 

 

Previous sections have shown that the magnitude of session-end returns is statistically 

different in the two sessions. Since the closing prices of the day from the second 

session are the important measure used as a benchmark, the difference between 

session-end returns raises the question of closing price manipulation. Prior studies 

report an increase in the percentage of trades at the ask price for the last trades relative 

to the penultimate trade. Although Harris (1989) does not find any indication of 

closing price manipulation, he notes that a manipulator who wishes to bias the closing 

price would try to do so, using as small a transaction as possible to minimize expected 

costs.  Following Harris (1989), the position of the final trade is examined with a 

focus on the size of the final trade. 

 The original ISE data does not come with bid and ask prices. However, the bid 

and ask prices for the final trades are obtained beginning March 31, 2005 from the 

ISE website and this part of the analysis will be extended with new data recently 

obtained. After eliminating firms with temporary trading suspension and days where 

there was only one session, bid and ask prices are obtained for 5,700 final trades for 

each session out of 7,513 final trades (75.86%). 

 Table 5 reports that the percentage of final trades at the ask increases from 

59.67% in the first session to 69.89% in the second session. If the trade is in the last 

five seconds, then the percentage of trades at the ask price is larger. These results are 

broadly consistent with earlier studies. The available ISE data allows the suggestion 

by Harris (1989) that small trades are responsible for the session end return to be 

examined in detail. The percentage of final trades involving one-share orders 

increases from 14.28% in the first session to 18.09% in the second session. The 
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percentage of one-to-four share orders also shows a significant increase between the 

end of the first session and the end of the second session increasing from 22.76% to 

35.26%. These findings support the price manipulation hypothesis. 

 The final trades are separated by the timing relative to the end of trading and 

these results are also reported in Table 5. The percentage of trades at the ask price 

increases substantially when a trade takes place during the last five seconds. For 

example, percentage of one share orders in the first session (second session) increases 

from 9.42% (9.06%) to 24.12% (20.23%) if a trades takes during the last five seconds. 

As comparison, the percentage of one- and one-to-four share orders for each session is 

calculated excluding the final trades. The percentage of one-share (one-to-four share) 

orders in the first session is 2.11% (3.88%) where as in the second session it is 2.13% 

(3.89%). These numbers indicate that session-ends are quite different from the rest of 

the session. 

 

3.5. Regression Analysis 

 Previous sections show that final transaction return of the second session is 

almost twice that of the first session and the increase in the percentage of final trades 

at the ask and order size for the final trades might explain the higher session-end 

return of the second session. Several regressions are performed to investigate the 

relative explanatory power of the different variables. Variables include the location of 

the trade relative to the bid-ask spread and the size of the trade as well as other control 

factors including the difference in the natural logarithm of session volumes and the 

differences between the total number of trades in the two sessions. 

 The dependent variable is defined as the session-end return of second session 

minus the session-end return of the first session. The regressions use data beginning 
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on March 31, 2005 due to the missing bid-ask spread information before this date. 

There are 191 trading days and therefore 191 observations that are used in the 

regression.  

Table 6 presents correlations of the variables based on the differences between 

the values for each of the two sessions. As the table shows, most of the independent 

variables have low correlations. However, as expected, the percentage of one-share 

orders and one-to-four share orders and natural logarithm of session volume and 

number of trades are highly correlated. 

 Table 7 presents the results of regressions. There are six regressions using 

combinations of different independent variables. In all regressions, the percentage of 

trades at the ask price is highly significant (p-value=0.00). Therefore, an increase in 

the percentage of trades at the ask price in the second session relative to the first 

session statistically is a major explanatory variable in understanding the increase in 

final transaction return of the second session. Model 1 includes the session volume 

but this variable is not significant suggesting that the increase in the session volume is 

not related to the increase in session-end return in the second session. Similarly, the 

total number of trades does not have any statistical power. Model 3 includes the 

percentage of one-share orders together with percentage of trades at the ask price and 

natural logarithm of total number of trades. The coefficient on the one-share orders is 

0.103 with a p-value of 0.12. However, when the percentage of one-to-four share 

orders is included instead of the percentage of one-share orders, the variable is 

significant. The coefficient of the percentage of one-to-four share orders is 0.128 with 

a p-value of 0.02. This finding implies that an increase in the percentage of one-to-

four share orders in the second session with respect to final trades relative to the first 

session has a significant impact on the session-end return of the second session. This 
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finding is consistent with univariate findings that the closing price manipulation in the 

second session might explain the difference of session-end returns between second 

and first sessions. The remaining two models include the percentage of trades in the 

last five seconds (models 5 and 6) and the percentage of one-to-four share orders 

(model 6). The first variable is insignificant whereas the latter is still significant at the 

5% level.7 The regression analysis confirms that the shift to the ask price and the 

small size of the final trade is closely linked with the difference between final 

transaction return in the second session versus the first session. The indicator variable 

identifying whether the final trade is before or within the last five seconds is not 

found to be significant when the other variables are included in the regression.  

 

4. Summary and Conclusion 

 

This paper finds that abnormally high final transaction returns are present on the 

Istanbul Stock Exchange. The unique structure of two daily trading sessions allows 

the examination of whether the high final transaction returns are unique to the end-of-

trading day (as identified by Harris (1989)) or if they are related to the end of the 

trading session. This difference is important since one of the hypotheses of the high 

end of trading day return is that market participants are attempting to influence the 

closing price since this price is the most important price of the day and is used for 

many purposes including information dissemination, and portfolio and derivative 

valuation.  

High final transaction returns are found at the end of both sessions, but the 

magnitude of the final transaction return in the second session is approximately twice 

                                                 
7 In unreported regressions, day of the week and end of the month indicator variables are found to be 
insignificant. 
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the magnitude of the final transaction return in the first session suggesting that price 

manipulation may be partially responsible for the high returns. An increase in the 

number of small trades is observed especially in the second session, giving additional 

support to the price manipulation hypothesis. Prior literature found a shift to the ask 

price partially responsible for the final transaction return and this pattern is also 

observed on the ISE. Trades that occur in the final five seconds of trading are also 

found to have larger final transaction returns. These three competing but not mutually 

exclusive factors are examined in a regression analysis comparing the two sessions 

and both the small trade size and the shift to the ask price are found to be the 

dominant explanatory factors. 

These findings support the hypothesis that intentional price manipulation may 

be contributing to the final transaction return. Even though a high end of trading 

session return is found in both trading sessions on the ISE, it is the final session where 

the magnitude of the effect is larger. Both the shift to the ask price and the use of 

small trades indicates the mechanisms by which the high final transaction return is 

generated. 

There are a number of implications from these results that could improve the 

market design on the ISE and lessen the likelihood of any price manipulation. First, 

traders’ focus on the final price that may be leading to a high final transaction return 

may be lessened by reporting a final price that is the trade size weighted average of 

the last few minutes of trading so that small trades do not have as much influence on 

the closing price. Second, a mechanism for obtaining the closing price such as by a 

call auction could be introduced. This mechanism may still result in a shift to the ask 

price at the end of the day, but it would be calculated according to a closing call 
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auction algorithm design that would most likely lessen the influence of any individual 

small trade.  

 18

333



References 

Bildik, R. (2001) Intra-day seasonalities on stock returns: Evidence from the Turkish 

stock market, Emerging Markets Review 2, 387-417. 

Booth, G. G. and Yüksel, A. (2006) Price resolution in an emerging market: Evidence 

from the Istanbul Stock Exchange, European Journal of Finance 12, 137-152. 

Cheung, Y-L (1995) Intraday Returns and the day-end effect: Evidence from the 

Hong Kong equity market, Journal of Business Finance and Accounting 22, 

1023-1034. 

Comerton-Forde, C., Lau, S.T., and McInish, T. (2007) Opening and closing behavior 

following the introduction of call auctions in Singapore, Pacific Basin Finance 

Journal 15, 18-35. 

Cushing, D. and Madhavan, A. (2000) Stock returns and trading at the close, Journal 

of Financial Markets 3, 45-67. 

Felixson, K. and Pelli, A. (1999) Day end returns – stock price manipulation, Journal 

of Multinational Financial Management 9, 95-127. 

Fried, J. (2002) High closing, Canadian Public Policy, 28, 17-37. 

Gosnell, T. F. (1995) End-of-day security price movements and the concentration of 

trading at the close, Research in Finance 12, 97-113. 

Harris, L. (1989) A day-end transaction price anomaly, Journal of Financial and 

Quantitative Analysis 24, 29-45. 

Hillion, P. and Suominen, M. (2004) The manipulation of closing prices, Journal of 

Financial Markets 7, 351-375. 

Keim, D. and R. Stambaugh. (1984) A further investigation of the weekend effect in 

stock returns, Journal of Finance 39, 819-840. 

 19

334



Kucukkocaoglu, Guray. (2003) Intra-day stock returns and close-end price 

manipulation in the Istanbul Stock Exchange, Working paper, Baskent 

University, Turkey. 

McInish, T. H. and Wood, R. A. (1990) An analysis of transactions data for the 

Toronto stock exchange, Journal of Banking and Finance 14, 441-458. 

McInish, T. H., Wood, R. A., and Ord, J. K. (1985) An investigation of transaction 

data for NYSE stocks, Journal of Finance 40, 723-739. 

McInish, T. H. and Wood, R. A. (1992) An analysis of intraday patterns in bid/ask 

spreads for NYSE stocks, Journal of Finance 47, 753-764. 

Michayluk, D. and Sanger, G. C. (2006) Day-end effect on the Paris bourse, Journal 

of Financial Research 29, 131-146.  

Terry, E. (1986) End of the day returns and the bid-ask spread, unpublished working 

paper, Stanford University. 

 

 

 

 

 

 

 

 

 

 

 

 

 20

335



 

 

 

 

 

 

 

Table 1. Descriptive Statistics 

Variable Mean Median St. Dev. Minimum Maximum 
Stock Price (YTL) 7.06 5.21 5.96 1.99 30.61 
Firm Size (million YTL) 3,453 1,918 3,543 443 13,801 
Daily Trading Volume (million Shares) 3,916 3,680 1,446 1,408 10,960 
Number of Trades Per Day 1,288 1,188 407 610 3,691 
Daily Transaction Size (Shares) 2,467 2,456 247 1,719 3,031 
Number of Firms Trading Per Day 29.93 30.00 0.37 27.00 30.00 

Note: This table presents descriptive statistics for the 30 stocks included in the ISE National-30 index at the beginning of 
2005. Statistics for the stock price and firm size are based on average closing prices of the second session. All other 
figures are based on daily values. YTL stands for New Turkish Lira. 
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Table 2. Average Session-End Return (%) 

 Return (%) 
 Session 1 N Session 2 N ANOVA K-W 

Final Transaction 0.0466 7,513 0.0852 7,513 42.35 36.05 
 (0.00)***  (0.00)***  (0.00)*** (0.00)*** 

Final Transaction Cutoff Time       
5 minutes before trading ends       

Before 11:55 A.M. (Before 4:25 P.M.) 0.0302 547 0.1043 10 0.81 0.04 
 (0.07)*  (0.35)  (0.37) (0.83) 
After  11:55 A.M. (After  4:25 P.M.) 0.0489 6,966 0.0852 7,503 35.36 29.71 
 (0.00)***  (0.00)***  (0.00)*** (0.00)*** 

1 minute before trading ends       
Before 11:59 A.M. (Before 4:29 P.M.) 0.0309 2,279 0.0029 87 1.36 8.48 
 (0.00)***  (0.94)  (0.24) (0.00)*** 
After  11:59 A.M. (After  4:29 P.M.) 0.0556 5,234 0.0864 7,426 20.24 17.24 
 (0.00)***  (0.00)***  (0.00)*** (0.00)*** 

5 seconds before trading ends       
Before 11:59:55 A.M. (Before 4:29:55 P.M.) 0.0347 5,044 0.0496 1,695 2.32 2.04 
 (0.00)***  (0.00)***  (0.13) (0.15) 
After 11:59:55 A.M. (After 4:29:55 P.M.) 0.0745 2,469 0.0978 5,818 4.83 1.96 
 (0.00)***  (0.00)***  (0.03)** (0.16) 

Note: This table presents average percentage session-end returns and returns classified by the time of the final trade. 
Session-end returns for a stock are calculated by using the last two transactions of each session. N is the number of 
session-end trades. ANOVA and Kruskal-Wallis test statistics and their respective p-values are reported.  
 
***Significant at the 1% level. 
**Significant at the 5% level. 
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Table 3. Average Session-End Return (% ) by Price Level  

 When Final Transaction is  
Price 
Level 

Groups 

FT – 
Session 

1 

FT – 
Session 

2 

Before 
11:59:55 

A.M. 

Before 
4:29:55 

P.M. 

After 
11:59:55 

A.M. 

After  
4:29:55 

P.M. 

ANOVA/ 
K-W 

(1 and 2) 

ANOVA/ 
K-W 

(3 and 4) 

ANOVA/ 
K-W 

(5 and 6) 
Lowest 0.0484 0.0966 0.0372 0.0607 0.0655 0.1105 30.26*** 2.35 8.66*** 
 (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** 25.37*** 0.02 11.18*** 
2 0.0526 0.0868 0.0358 0.0367 0.0910 0.1001 9.70*** 0.00 0.21 
 (0.00)*** (0.00)*** (0.00)*** (0.06)* (0.00)*** (0.00)*** 9.63*** 0.58 1.30 
Highest 0.0390 0.0722 0.0331 0.0441 0.0662 0.0834 9.59*** 0.41 0.76 
 (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** 9.10*** 0.22 2.57 
          
ANOVA 0.85 3.23*** 0.05 0.56 0.76 2.80*    
K-W 1.49 5.10* 0.95 1.21 0.98 4.48    

Note: This table reports average percentage session-end returns classified by price level. Each price group has ten stocks 
and the groups are based on average session closing prices. Session-end returns are first averaged across firms in each 
session and then across 251 sessions for both sessions. FT stands for final transaction. P-values are based on two-tailed t-
test and provided in parentheses. ANOVA and Kruskal-Wallis (denoted as K-W) test differences between groups. 
 
***Significant at the 1% level.  
** Significant at the 5% level.  
* Significant at the 10% level. 
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Table 4. Average Session-End Return (%) by Trading Volume 

 When Final Transaction is  
Trading 
Volume 
Groups 

FT – 
Session 

1 

FT – 
Session 

2 

Before 
11:59:55 

A.M. 

Before 
4:29:55 

P.M. 

After 
11:59:55 

A.M. 

After  
4:29:55 

P.M. 

ANOVA/ 
K-W 

(1 and 2) 

ANOVA/ 
K-W 

(3 and 4) 

ANOVA/ 
K-W 

(5 and 6) 
Lowest 0.0597 0.1005 0.0393 0.0624 0.1029 0.1255 15.03*** 2.27 0.88 
 (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** 11.56*** 0.58 2.34 
2  0.0406 0.0807 0.0172 0.0580 0.0896 0.0890 16.05*** 5.38** 0.00 
 (0.00)*** (0.00)*** (0.04)** (0.00)*** (0.00)*** (0.00)*** 14.42*** 5.68** 0.18 
Highest 0.0394 0.0746 0.0451 0.0203 0.0400 0.0837 14.42*** 1.12 6.02** 
 (0.00)*** (0.00)*** (0.00)*** (0.39) (0.00)*** (0.00)*** 9.96*** 3.80* 7.88*** 
          
ANOVA 2.21 3.81** 2.96* 1.69 3.43** 7.32***    
K-W 5.62* 7.80** 5.86* 3.70 8.51** 15.59***    

Note: This table reports the average percentage session-end returns classified by trading volume. Each price group has ten 
stocks and the groups are based on the average annual percentage of trading volume during the last five seconds of trading 
in each session. Session-end returns are first averaged across firms in each session and then across 251 sessions for both 
sessions. FT stands for final transaction. P-values are based on two-tailed t-test and provided in parentheses. ANOVA and 
Kruskal-Wallis (denoted as K-W) test differences between groups. 
 
***Significant at the 1% level.  
** Significant at the 5% level.  
* Significant at the 10% level. 
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Table 5. Trades at the Ask and Trade Size 

 Session 1 (N=5,700)  Session 2 (N =5,700) 

  

% of 
Trades at 

Ask 

% of 1 
Share 
Orders 

% of 1 to 4 
Share 
Orders 

  
% of 

Trades at 
Ask 

% of 1 
Share 
Orders 

% of 1 to 4 
Share 
Orders 

All Trades 59.67 14.28 22.76  69.89 18.09 35.26 
When Last Transaction is        

Before 11:59:55 a.m. (N =3,818) 56.13 9.42 12.70     
After 11:59:55 a.m. (N =1,882) 66.84 24.12 43.15     

When Last Transaction is        
Before 16:29:55 p.m. (N =1,093)     44.92 9.06 11.44 
After 16:29:55 p.m. (N =4,607)         75.82 20.23 40.92 

Note: This table presents the percentage of the final trades at the ask price and the percentage of trades that involve one-
share trades and one-to-four share trades. N is the number of observations. 
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Table 6. Pairwise Correlation Coefficients 

 

Trades at the 
Ask (%) 

One-Share 
Orders 

One-to-Four 
Share Orders 

Trades in the 
Last Five 

Seconds (%) 
Session 

Volume (Log) 
Number of 

Trades (Log) 

Trades at the Ask (%) 1.0000      
One-Share Orders 0.2137 1.0000     
One-to-Four Share Orders 0.3051 0.7470 1.0000    
Trades in the Last Five Seconds (%) 0.0342 0.1280 0.2182 1.0000   
Session Volume (LN) 0.0394 -0.0291 0.0067 0.0685 1.0000  
Number of Trades (LN) 0.0127 -0.0779 -0.0387 0.0150 0.9226 1.0000 

Note: This table reports correlation coefficients between six variables. All of the variables are measured as the value of the 
variable in the second session minus the value of the variable in the first session. For example, trades at the ask price (%) is 
the percentage of final trades taking place at the ask in the second session minus percentage of final trades taking place in 
the first session. 
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Table 7. Regression Analysis 

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Constant 0.014 0.016 0.013 0.003 0.008 0.008 
 (0.10)* (0.07)* (0.14) (0.77) (0.76) (0.76) 
Trades at the Ask (%) 0.292 0.293 0.277 0.259 0.292 0.259 
 (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** 
One-Share Orders (%)   0.103    
   (0.12)    
One-to-Four Share Orders (%)    0.128  0.130 
    (0.02)**  (0.02)** 
Trades in the Last Five Seconds (%)     0.018 -0.013 
     (0.77) (0.83) 
Session Volume (Log) 0.001      
 (0.95)      
Total Number of Trades (Log)  -0.014 -0.010 -0.011 -0.014 -0.011 
  (0.61) (0.71) (0.69) (0.61) (0.69) 
       
Adjusted R-Squared 17.36% 17.47% 18.08% 19.42% 17.07% 19.00% 
F-Statistics 20.960 21.110 14.980 16.260 14.040 12.140 
 (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** (0.00)*** 
N 191 191 191 191 191 191 

Note: This table presents the coefficient estimates of six regressions. The dependent variable is the session-end 
return of the second session minus the session end return of the first session. All independent variables are 
defined as the value of the variable in the second session minus the value of the variable in the first session. 
Session volume and total number of trades are natural logarithm values. Starting date for data is March 31, 2005 
and end date is December 30, 2005. N is the number of observations. P-values are given in parentheses.  
 
***Significant at the 1% level.  

** Significant at the 5% level. 

* Significant at the 10% level. 
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Figure 1. Mean 15-Minute Percentage Returns  
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Note: This figure shows the mean 15-minute percentage returns within both the morning and the afternoon trading 
session. There are ten 15-minute periods in each session. The first session is from 9:30 a.m. to 12:00 p.m. and 
the second session is from 2:00 p.m. to 4:30 p.m. The first and last transactions of each 15-minute period are 
used to calculate returns. The returns are first averaged across firms within each 15 minute period, and then 
across each of the 251 days. 
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Figure 2. Average Volume for Each 15-Minute Period by Trading Time 
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Note: This figure shows the average 15-minute trading volume of each session. There are ten 15-minute periods 
in each session. First session is from 9:30 a.m. to 12:00 p.m. and the second session is from 2:00 p.m. to 4:30 
p.m. To find the average trading volume, total trading volume for each 15-minute period is calculated and then 
totals are averaged across 251 sessions. 
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Figure 3. Average Number of Shares Traded per Order by Trading Time 
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Note: This figure shows the average order size for each 15-minute period. There are ten 15-minute periods in 
each session. First session is from 9:30 a.m. to 12:00 p.m. and the second session is from 2:00 p.m. to 4:30 p.m. 
To find the average trading volume, average order size is calculated for each 15-minute period and then values 
are averaged across 251 sessions. 
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Abstract

This paper studies the development of the day-of-the-week effect in German and
US stock market returns over the past decades. Using an OLS regression
approach, we analyse four major German stock market indices for abnormal
returns on each trading day of the week, with the longest observation period
ranging from 2007 back to the mid-1960s. Moreover, as prior studies indicate the
existence of a relationship between the magnitude of the day-of-the-week
anomaly and the time of the month at which it occurs, we also analyse the indices’
return behaviour categorised by week of the month. The results are compared to
those of prior studies, as well as to our own findings for a sample covering the US
stock market. We find that for both markets, the leading equity indices, DAX and
SP500, exhibit a strong Monday effect during the older sample periods, which is
fading over time, reversing during the 1990s, and vanishing after the year 2000.
However, regarding smaller stock market indices, our results for the German and
for the US data differ substantially, indicating that there is no general parallel
market behaviour with respect to this specific return anomaly. Finally, with
respect to the more recent sample periods, none of the daily return anomalies
observable between the 1960s and the 1980s seem to have persisted, suggesting
an increase in informational efficiency of the respective markets over time.

Keywords: anomaly, day of the week, Monday, return, volatility, weekend

JEL Classification: G12, G14, G15
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Once Upon a Time: The Day-of-the-Week Effect
in German and US Stock Market Returns

1 Introduction

The day-of-the-week effect (weekend effect, Monday effect), which according to
Maberly (1995) was documented for the first time by Kelly (1930), has attracted
considerable academic attention since its re-discovery in the early 1970s by Cross
(1973). Since then, numerous studies have examined the major equity markets for
abnormally low returns measured on the week’s first trading day as compared to
the rest of the week.

The purpose of this paper is to provide new evidence on the day-of-the-week
effect for the German and the US stock market over different periods of time, and
to compare our findings to the earlier results of similar studies. In the first step,
we use a OLS regression approach based on Monday to Friday returns to study
anomalies in daily stock price movements. Then, we analyse whether daily return
behaviour depends not only on the day of the week, but also on the time of the
month, as some international studies suggest. We concentrate on four major
German stock market indices: CDAX (all share), DAX (large-cap), MDAX (mid-
cap), and SDAX (small-cap). Moreover, to allow for an international comparison
of stock price behaviour across similar time periods, we also apply our analysis to
the time series of selected US equity indices from Standard & Poor’s, namely
SP500 (large-cap), SP100 (large-cap), SP400 (mid-cap), and SP600 (small-cap).

The paper at hand proceeds as follows. In section 2, we provide a brief overview
of earlier research on the day-of-the-week effect, with a focus on the German
equity market. Section 3 outlines the data and the methodology of our study. In
section 4, we discuss the results of our analysis, and compare them to the earlier
evidence. Finally, section 5 concludes the paper with a summary of our main
findings.

2 Earlier Studies on the Day-of-the-Week Effect

Most of the empirical studies of the day-of-the-week effect concentrate on the US
equity market.1 However, there are also a growing number of studies that occupy
with anomalies in daily return patterns either in other geographical regions2, or in

                                                          
1 See, for instance, Lakonishok & Levi (1982), Lakonishok & Maberly (1990), Abraham &
Ikenberry (1994), Sias & Starks (1995), Wang, Li & Erickson (1997), Chow, Hsiao & Solt (1997),
Perfect & Peterson (1997), Higgins & Peterson (1999), Brusa, Liu & Schulman (2000, 2003,
2005), Chordia, Roll & Subrahmanyam (2001), Mehdian & Perry (2001), Sun & Tong (2002).
2 See Ho (1990), Clare, Ibrahim & Thomas (1998), Basher & Sadorsky (2004), Lin & Lim (2004),
Nath & Dalvi (2004), Galai & Kedar-Levy (2005), Michayluk & Sanger (2006).
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other types of financial markets, such as the options and futures markets1, or
both2. In particular, among the non-US markets studied most frequently in
comparative cross-country studies, are Australia, Canada, Japan, and the UK.3

Besides, several recent cross-country studies provide evidence on day-of-the-
week effects in European stock markets.4

In this context, the case of Germany has also been studied, although with mixed
results.5 While most of the aforementioned international studies provide evidence
on the presence of a day-of-the-week anomaly in other major stock markets, only
very few analyses were able to find similar patterns in Germany. Among these
few are, for instance, Krämer & Runde (1993), who provide evidence on a
Monday effect in German stock returns for the period from 1960 to 1989. As they
point out, the negative mean Monday returns they discover are consistent with the
US-related results derived by French (1980), Keim & Stambaugh (1984), and
Gibbons & Hess (1981). Their results also confirm the earlier findings of
Frantzmann (1987), who notes that the magnitude of the day-of-the-week
anomaly in German stock returns seems to change over time, and to vary with
firm size, pertaining to large stocks in the first place. Alt, Fortin & Weinberger
(2002) observe day-of-the-week effects in earlier DAX samples, but find no such
evidence for the 1990s. Gerth & Niermann (2001) report a reversed Monday
effect for the period 1997-1999, and no significant weekend anomaly for the
period 1994-1996. Finally, Theissen (2005) analyses private investors’ return
forecasts and finds that the implied returns from these forecasts exhibit a typical
weekend effect.

3 Data and Methodology

The paper at hand analyses the calendar time behaviour of major German stock
market indices’ daily returns from the mid-1960s to December 2007. To provide a
more detailed insight into return behaviour in different market environments, it
also studies several sub-periods, each of them spanning about one decade,
depending on the availability of the respective time series data. For the purpose of
comparison, the models described hereafter are also applied to selected US stock
market indices, using the same methodology. Since both the German and the US
equity market indices showed a similar behaviour during large parts of the

                                                          
1 See, for instance, Gay & Kim (1987), Phillips-Patrick & Schneeweis (1988), Dickinson &
Peterson (1989), Morse (1991).
2 See, for instance, Yadav & Pope (1992), Sundkvist & Vikström (2000), Chiang, Huang, Lin &
Lin (2006).
3 See Jaffe & Westerfield (1985), Condoyanni, O’Hanlon & Ward (1987), Ho (1990), Chang,
Pinegar & Ravichandran (1993), Tang (1996), Bayar & Kan (2002), Kiymaz & Berument (2003),
and Chandra (2006).
4 See Chang, Pinegar & Ravichandran (1993), Bayar & Kan (2002), Savva, Osborn & Gill
(2004), Savva, Osborn & Gill (2006), Chukwuogor-Ndu (2006), Cáceres Apolinario, Santana,
Sales & Rodríguez Caro (2006).
5 See Frantzmann (1987), Grammig, Schiereck & Theissen (1999), Sundkvist & Vikström (2000),
Gerth & Niermann (2001), Alt, Fortin & Weinberger (2002).
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observation period, we would expect return anomalies – if any – to have occurred
on both markets at about the same time.

Our main hypothesis is that the stock indices’ returns are not independent of the
day of the week on which they occur. The first step of the analysis is therefore to
run a regression model identical to the one employed, among others, by Gibbons
& Hess (1981), Jaffe & Westerfield (1985), Krämer & Runde (1993), and Bayar
& Kan (2002):1

(1) tt eFRITHUWEDTUEMONR +++++= 54321 ααααα

Rt is the respective trading day’s index return. MON, TUE, WED, THU, and FRI
are binary dummy variables, taking the value “1” for the respective day of the
week, and “0” otherwise. et is a serially independent disturbance term. Thus, each
weekday t’s return is modelled as a function of only one linear variable αn, plus a
stochastic residual et.

2 As a result, the regression produces the mean returns of
each day of the week. To test the hypothesis that mean returns are not equally
distributed across days of the week, F-statistics are computed for each of the
regressions. Moreover, t-statistics indicate the level of significance of each mean
return calculated.

According to Lakonishok & Maberly (1990), Abraham & Ikenberry (1994), and
Brusa, Liu & Schulman (2005, 2003, 2000), the magnitude of the day-of-the-week
anomaly differs with firm size as well as with trading volume. As the latter
conclude with respect to the US equity market, large firms tend to experience a
reverse weekend effect, where Monday returns are significantly positive and
higher than other trading days’ returns, while small firms tend to experience
negative Monday returns. To account for this anomaly, our analysis includes not
only the German all share index CDAX, but also the selection indices DAX,
MDAX, and SDAX.3 Based on what Brusa, Liu & Schulman (2005, 2003, 2000)
found out, we expect the DAX to exhibit positive mean Monday returns, while the
SDAX mean Monday returns, relating to less liquidly traded German small-cap
companies, should be negative.

                                                          
1 Although we are aware of the fact that the OLS approach suffers from certain methodological
drawbacks in the presence of autocorrelation, excess kurtosis, and heteroscedasticity (cf. Wilson &
Jones, 1993; Kiymaz & Berument, 2003) – which are common attributes of daily stock market
returns (cf. Mandelbrot, 1963; Fama, 1965; Badrinath & Chatterjee, 1988; Tang, 1996), and
which are also present in the data we analyse – we employ this approach for the sake of
comparability with prior studies, since most of these report solely OLS regression results.
2 To avoid the dummy variable trap, the regression function does not contain a constant term.
3 The CDAX is the broadest German equity index, as it includes the shares of all companies listed
on the Frankfurt Stock Exchange (about 680 by the end of 2007). The DAX, the German blue-chip
index, includes the shares of the 30 largest publicly traded German companies in terms of market
capitalization and order book turnover from classic and technology sectors. The shares of the 50
German public companies from classic sectors that are next in size are included in the MDAX, the
German mid-cap index, which was downsized from 70 companies on March 24, 2003. Below the
MDAX, the German small-cap index SDAX comprises the shares of the 50 next smaller public
companies.
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Previous research by Wang, Li & Erickson (1997), and Sun & Tong (2002)
documents that abnormal returns seem to depend not only on the day of the week,
but to concentrate mainly on the second half of the month. To scrutinise this
observation for the case of German stock market returns, the second step in our
analysis is to run the following set of regressions to study the behaviour of each
trading day’s returns in different weeks of the month:

(2a) tt eMONMONMONMONMONR +++++= 54321 54321 ααααα

(2b) tt eTUETUETUETUETUER +++++= 54321 54321 ααααα

(2c) tt eWEDWEDWEDWEDWEDR +++++= 54321 54321 ααααα

(2d) tt eTHUTHUTHUTHUTHUR +++++= 54321 54321 ααααα

(2e) tt eFRIFRIFRIFRIFRIR +++++= 54321 54321 ααααα

In line with (1), MON1-5 to FRI1-5 are binary variables, taking the value “1” for
the specific day (MON-FRI) and week (1-5) of the month, and “0” otherwise. I.e.,
for the index return on the first Monday of the month, MON1 equals one, while
all other dummy variables are set to zero, etc.

4 Results

4.1 Descriptive Statistics

Table 1 shows descriptive statistics for the stock market indices under
consideration over the respective full sample periods. As the analysis shows,
mean daily returns of all indices are positive, left-skewed and leptokurtic,
corroborating the results of prior studies on financial time series behaviour.1 The
normality hypothesis is rejected by the Jarque-Bera test in all cases at the 99%-
level.

*** Insert Table 1 about here ***

Taking a closer look at the descriptive statistics of each weekday’s return
distribution reveals some interesting insights. First, as Table 2 shows, all samples
show significant deviations from normality. Second, all Monday returns are left-
skewed, exhibit leptokurtosis, and, consistent with Fama (1965), they have higher
standard deviations than the returns measured on any other day of the week.
Third, negative average returns seem to occur mainly on Mondays, and fourth, in

                                                          
1 See Fama (1965), Badrinath & Chatterjee (1988), Tang (1996).
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almost all cases, left-skewness and leptokurtosis of returns are notably stronger on
Monday than on any other day of the week.1

*** Insert Table 2 about here ***

*** Insert Table 3 about here ***

Moreover, Table 3 shows that the descriptive statistics for our return sub-samples
change over time. Some parameters, like skewness and kurtosis, seem to fluctuate
more or less randomly. However, return volatility tends to increase steadily during
the observation period for many of the indices considered. Consequently, we
expect a majority of the extreme positive or negative daily returns of the
respective full samples to have occurred during the more recent periods, i.e.,
between 2000 and 2007. Analysing these two tails of the entire daily return
distribution, we find that the upper and the lower first percentile of the respective
daily returns in fact concentrate on the more recent sub-periods. Furthermore, we
find that most of the extreme negative returns occur on Mondays, while extreme
positive returns seem to spread more evenly across weekdays. However, the
respective χ2 test also shows that the predominance of extreme negative Monday
returns rather refers to earlier sub-sample periods, while the extreme negative
returns observed during the more recent periods seem not to concentrate on a
specific day of the week. Table 4 provides an overview of the respective results.

*** Insert Table 4 about here ***

4.2 Full Sample Regressions

4.2.1 Day-of-the-Week Effects Categorised by Stock Market Indices

The results of regression (1) for each stock market index over the respective full
observation period are summarised in Table 5. As the table reveals, the two main
indices with the longest observation periods – DAX and SP500 – show significant
negative mean Monday returns, corroborating prior research results. However,
regarding the German small stocks index SDAX, we find that – contrary to the
results of Brusa, Liu & Schulman (2005) for the US market – small listed firms
exhibit positive mean Monday returns, which are significant at the 99% level. Our
conclusion that there is a difference in Monday return behaviour between large
and small German stocks is supported by the fact that, in spite of significant DAX
regression results, the analysis of the broader index CDAX does not indicate the
existence of an anomaly in Monday returns, and it is also consistent with prior
research conducted by Frantzmann (1987).

*** Insert Table 5 about here ***

                                                          
1 These observations are largely consistent with Tang (1996), although the latter reports also some
cases of right-skewed returns. Moreover, regarding the US market, he finds the strongest signs of
leptokurtosis in Friday instead of Monday returns.
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On all other days of the week, mean index returns are either insignificant, or
positive. For instance, all German indices show strongly significant (99% level of
confidence) positive mean returns on Friday, while the US data rather provides
evidence on significant positive mean returns on Wednesday than on Friday. On
Thursday, mean returns of medium and large German stocks tend to be positive,
as well as the mean returns on medium US corporations (both significant at the
95% level).

Finally, the equality hypothesis is strongly rejected for the SP500 and for all
German selection indices (F-probability ≥ 97%), but not for the German all share
index CDAX. In the remaining cases, the analysis shows that the equality
hypothesis of mean daily returns cannot be rejected with a sufficiently high
probability for the respective full sample periods.

4.2.2 Day-of-the-Week Effects Categorised by Week of the Month

Table 6 summarises our results for the regressions (2a-e) per week of the month
over the respective full observation periods. For DAX and MDAX, significant
negative average Monday returns occur mainly in week four (and, in case of
DAX, also in week two and week three), while average week one Monday returns
turn out to be significantly positive. This result is consistent with our findings for
the SP500, as well as with prior US evidence by Wang, Li & Erickson (1997), and
Sun & Tong (2002), who report a Monday effect concentrating on the second half
of the month, with the strongest evidence of negative Monday returns occurring in
week four. Interestingly, the more recent German small stock returns exhibit a
strong reverse Monday effect in week one and week five, which is contrary to the
pattern observed by Mehdian & Perry (2001) for the US market. We attribute this
inconsistency mainly to the difference in the underlying time periods. Regarding
our own results for the US smallcap sample (SP600), we get no significant signal
for any of the days of the week studied, and we cannot conclude on any
significant deviation from equality of mean daily returns.

Over the respective full samples, the German and the US main stock market
indices both exhibit a similar day-of-the-week anomaly with respect to Monday
returns. Moreover, this parallelism also occurs for some of the other days of the
week. Most German and US indices exhibit significant positive Wednesday and
Friday returns around week one and week five, with the hypothesis of equal daily
returns across different weeks of the month being rejected at least at the 95% level
for all of the German stock market indices considered. However, unlike the
German evidence, our analysis of the SP500 shows several significant positive
Tuesday, Wednesday and Thursday returns around the weeks two to four, which
is also consistent with the results reported by Sun & Tong (2002).

*** Insert Table 6 about here ***
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4.3 Sub-Sample Regressions

4.3.1 Day-of-the-Week Effects by Sample Periods

Having compared stock market returns over the respective full sample periods, we
now turn to the analysis of different sub-periods, as summarised in Table 7.

*** Insert Table 7 about here ***

Analysing the daily return patterns over time reveals an interesting insight. While
the German blue-chip index DAX exhibits a strong Monday effect during the
1960s, with a mean daily return of -0.0021, this anomaly seems to fade over the
following two decades. Although it is still significant at the 99% level during that
time, it is losing momentum, with the mean return increasing to -0.0014 in the
1980s. In the 1990s, the anomaly reverses to a significant (90%) positive mean
daily return of 0.0011, until finally it seems to vanish in terms of significance.
Interestingly, we observe a parallel return pattern for the SP500, which is
consistent with the earlier findings by Mehdian & Perry (2001). A similar
behaviour can be observed for Friday, with significantly positive returns in the
early sample decades until 1989, becoming insignificant in the following two
periods under consideration. Moreover, for the period 2000-2007, F-tests yield
rather low levels of confidence for all indices but for MDAX and SDAX, the
latter showing highly significant (99%) positive mean Friday returns.

4.3.2 Day-of-the-Week Effects Categorised by Week of the Month

In the last step, we study each weekday’s return for each index categorised by the
week of the month in which it occurs.1 While the analysis of the CDAX does not
significantly add to our understanding of the day-of-the-week anomaly, we
observe a distinct Monday effect in DAX returns that concentrates mainly on
week three and week four, especially for the earlier samples. In the 1990s, this
effect becomes insignificant, and it is more than compensated by a positive week
one return, probably leading to the aforementioned reversal of the Monday effect
found in prior studies. However, unlike our above results, most of the regressions
performed by week of the month do not yield significant F statistics, showing that
the hypothesis of equal mean weekday returns across different weeks of the month
cannot be rejected with a sufficiently high level of confidence.

Turning to the MDAX, a significant (90%) Monday effect can only be found for
the 1990s period, relating to week four Monday returns. Moreover, we discover
significant positive week one Friday returns throughout all three periods studied.
Besides, results for this index are mixed and do not allow us to conclude on the
existence of a persistent daily return anomaly.

                                                          
1 As the tables with our results for this section are extensive, we will discuss only our main
findings here, and refer the interested reader to the appendix for further details.
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In case of SDAX, we find that the reverse Monday effect concentrates on the
latest observation period (2000-2007) only, mainly occurring on the first and on
the last week of the month, while significant positive Friday returns occur in the
first, fourth, and last week. In both cases, the equality of returns hypothesis is
strongly rejected. Comparing these observations to our SP600 sample, we find
that in case of the latter, we cannot conclude on the existence of the
aforementioned anomalies with a sufficiently high level of confidence. This might
be seen as an indication of a slightly higher degree of efficiency in the US small
stocks market, as compared to the German data. Apart from this finding, the
regressions by week of the month yield no new insights into the evolution of
potential small stock return anomalies over time.

Finally, regarding the SP500, we find that the reverse Monday effect discovered
earlier for the period 1990-1999 is driven by strong positive Monday returns in
the first and in the second week of the month. Moreover, as the regression results
for SP100 and SP400 reveal, positive second week returns seem to be significant
only for the SP500’s largest 100 constituents. This finding is consistent with prior
US evidence by Mehdian & Perry (2001), and coincides with the aforementioned
significant positive week one DAX returns. Although F statistics were weak for
the latter, these findings again suggest a certain interrelation between the German
and the US stock market regarding the temporal pattern of week-daily return
anomalies.

4.4 Data Limitations

Before leaving the results section, we have to discuss a limitation in the data
underlying our analysis. Unfortunately, CDAX and DAX are available as total
return indices only for the more recent periods. Before 1981 (DAX), or 1987
(CDAX) respectively, the time series data available does not account for dividend
payments. This drawback could bias our above results for the earlier periods,
since, on a sufficiently efficient market, a price index should fall by about the
amount of the dividend (relative to respective company’s weight in the index) the
day the latter is paid. So, if there was a strong Monday pattern in dividend
payments, this could account for some part of the anomaly observed during the
1960s and 1970s. However, out of about 250 observations per year, in case of the
DAX only 30 (or about 12%) or less are prone to being compromised in this
regard. Moreover, in case of the DAX, there is no significant difference in
Monday return series behaviour between the 1960s/1970s and the 1980s. The
reversal in the day-of-the-week return pattern occurred but in the 1990s, well after
the aforementioned change in index methodology – contrary to the intuition that
the results for our early samples might be biased by the negligence of dividend
payments. In either case, for all of the more recent samples total return indices are
employed, allowing for an unbiased view on the current state of the day-of-the-
week anomaly.
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5 Conclusion

Obviously, our regressions cannot confirm the earlier evidence on the existence of
a typical, persistent weekend effect in the more recent German stock index
returns.1 In this regard, they corroborate the conclusion derived by Alt, Fortin &
Weinberger (2002) that the day-of-the-week effect seems to have faded over time.
Moreover, our results support the notion of a reverse weekend effect during the
1990s, as observed by Brusa, Liu & Schulman (2000, 2003, 2005), and Gerth &
Niermann (2001). However, they conflict with the results derived by Brusa, Liu &
Schulman (2005), who report a reverse weekend effect that is limited to large
stocks only.

Another interesting result is the obvious parallelism of the German and the US
stock market in terms of daily return anomalies occurring for the two major
indices over time. However, this commonality does not seem to encompass
smaller stocks, where our results indicate a slightly higher degree of efficiency in
the most recent US data. Finally, regarding the latest sample period, we may
conclude that none of the daily return anomalies observable between the 1960s
and the 1980s have persisted. One possible explanation for this result is that,
having drawn much academic attention since the 1970s, these former market
inefficiencies may have vanished due to the emergence of trading strategies
seeking to exploit the abnormal return patterns.2

                                                          
1 See Frantzmann (1987), Krämer & Runde (1993), Grammig, Schiereck & Theissen (1999).
2 Regarding this argument, also see Brusa, Liu & Schulman (2000).
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Tables

Table 1: Descriptive statistics for the respective full sample periods

Mean
Standard
deviation

Skew-
ness

Kurtosis

CDAX 1/70-12/07 0.0003 0.0098 -0.4873 10.4412 22155.3869 ***

DAX 1/65-12/07 0.0003 0.0118 -0.3662 10.3672 24551.3448 ***

MDAX 1/88-12/07 0.0005 0.0094 -1.5626 24.1494 95392.9902 ***

SDAX 1/88-12/07 0.0003 0.0071 -1.1324 11.4766 16044.1013 ***

SP500 1/50-12/07 0.0003 0.0090 -1.2976 36.9075 695124.5326 ***

SP100 8/82-12/07 0.0004 0.0111 -1.6534 40.9369 384710.5052 ***

SP400 8/91-12/07 0.0005 0.0105 -0.1942 6.1489 1720.8944 ***

SP600 8/95-12/07 0.0004 0.0117 -0.1615 4.6828 379.2466 ***

Jarque-Bera-
Test

Notes: The table shows descriptive statistics of different German and US stock market indices’
daily returns during the respective full sample periods, as indicated in subscript. “Mean” is the
mean return. In case of normally distributed returns, skewness should be zero, and kurtosis should
be three. The Jarque-Bera-Test, indicating a return distribution’s departure from normality, is
significant at the 0,99-level (***) for values above 9,21 according to �2-statistics.
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Table 2: Descriptive statistics across weekdays for the respective full sample periods

Mean
Standard
deviation

Skew-
ness

Kurtosis

CDAX 1/70-12/07 MON 0.0002 0.0110 -0.8334 12.3327 6961.7591 ***

TUE 0.0000 0.0095 -0.8803 12.0862 6866.9807 ***

WED 0.0003 0.0094 -0.3104 6.8491 1204.6839 ***

THU 0.0005 0.0097 -0.0857 8.8672 2685.9512 ***

FRI 0.0007 0.0094 -0.1212 9.5983 3424.1555 ***

DAX 1/65-12/07 MON -0.0008 0.0133 -0.8859 14.3024 11528.7216 ***

TUE 0.0000 0.0115 -0.4390 9.4733 3901.1899 ***

WED 0.0005 0.0114 -0.1093 6.0015 818.1366 ***

THU 0.0006 0.0114 -0.0130 8.4674 2655.5484 ***

FRI 0.0009 0.0111 0.0441 8.9694 3180.9885 ***

MDAX 1/88-12/07 MON -0.0002 0.0116 -3.4532 41.1503 61378.3358 ***

TUE 0.0001 0.0092 -0.1634 14.5058 5614.3030 ***

WED 0.0005 0.0088 -0.1613 4.9046 157.8092 ***

THU 0.0007 0.0089 -0.7009 7.3379 864.1998 ***

FRI 0.0012 0.0082 -0.7109 6.3113 540.5640 ***

SDAX 1/88-12/07 MON 0.0006 0.0083 -1.7252 15.3364 6741.4153 ***

TUE -0.0002 0.0070 -1.1019 11.9549 3600.2959 ***

WED 0.0001 0.0067 -0.4963 6.1236 449.8375 ***

THU 0.0002 0.0068 -0.9633 8.9591 1629.3615 ***

FRI 0.0010 0.0065 -0.7937 7.3439 889.4404 ***

SP500 1/50-12/07 MON -0.0007 0.0106 -4.2300 83.6877 763794.6699 ***

TUE 0.0003 0.0089 0.2992 6.2923 1366.0500 ***

WED 0.0009 0.0086 0.6760 9.3808 5211.4645 ***

THU 0.0004 0.0084 0.0307 6.4885 1465.3655 ***

FRI 0.0007 0.0084 -0.6549 8.8923 4378.2779 ***

SP100 8/82-12/07 MON 0.0005 0.0131 -5.5944 96.9749 451928.4913 ***

TUE 0.0007 0.0109 0.6135 7.0136 954.1039 ***

WED 0.0007 0.0101 0.7557 9.1652 2184.2854 ***

THU 0.0000 0.0103 0.0224 5.7120 392.3567 ***

FRI 0.0001 0.0107 -0.7649 8.0976 1504.8203 ***

SP400 8/91-12/07 MON -0.0002 0.0112 -0.7379 7.1369 624.5600 ***

TUE 0.0000 0.0105 -0.0582 4.9214 129.3716 ***

WED 0.0011 0.0099 0.0087 4.4079 69.3832 ***

THU 0.0008 0.0106 0.2960 5.8361 289.5829 ***

FRI 0.0006 0.0101 -0.3694 7.9270 848.0754 ***

SP600 8/95-12/07 MON -0.0005 0.0124 -0.5172 5.5466 183.5271 ***

TUE 0.0004 0.0118 0.1063 4.6608 74.0574 ***

WED 0.0009 0.0112 0.0081 4.1049 32.3553 ***

THU 0.0004 0.0118 0.0118 3.9887 25.4296 ***

FRI 0.0007 0.0113 -0.3463 4.7399 91.0319 ***

Jarque-Bera-
Test

Notes: The table shows descriptive statistics of different German and US stock market indices’
returns for each weekday during the respective full sample periods, as indicated in subscript.
“Mean” is the mean return. In case of normally distributed returns, skewness should be zero, and
kurtosis should be three. The Jarque-Bera-Test, indicating a return distribution’s departure from
normality, is significant at the 0,99-level (***) for values above 9,21 according to �2-statistics.
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Table 3: Descriptive statistics for the respective sub-sample periods

Mean
Standard
deviation

Skew-
ness

Kurtosis

CDAX 1/00-12/07 0.0001 0.0140 -0.1170 5.7498
CDAX 1/90-12/99 0.0005 0.0099 -0.6480 8.8888
CDAX 1/80-12/89 0.0006 0.0084 -1.5550 18.6187
CDAX 1/70-12/79 0.0001 0.0062 0.3181 8.7738

DAX 1/00-12/07 0.0001 0.0156 -0.1024 6.0222
DAX 1/90-12/99 0.0005 0.0126 -0.4793 8.2216
DAX 1/80-12/89 0.0005 0.0113 -1.1653 19.1235
DAX 1/70-12/79 -0.0001 0.0089 0.3582 7.3488
DAX 1/65-12/69 0.0002 0.0083 0.3094 4.4392

MDAX 1/00-12/07 0.0004 0.0101 -0.6214 6.0589
MDAX 1/90-12/99 0.0003 0.0084 -1.4143 18.4524
MDAX 1/88-12/89 0.0015 0.0111 -4.7614 80.8858
SDAX 1/00-12/07 0.0003 0.0079 -1.0293 7.7506
SDAX 1/90-12/99 0.0001 0.0063 -1.5022 18.8472
SDAX 1/88-12/89 0.0015 0.0074 -0.4766 7.3462
SP500 1/00-12/07 0.0000 0.0112 0.0474 5.5228
SP500 1/90-12/99 0.0006 0.0089 -0.3433 8.1815
SP500 1/80-12/89 0.0005 0.0110 -3.7791 82.6391
SP500 1/70-12/79 0.0001 0.0086 0.2490 5.1635
SP500 1/60-12/69 0.0002 0.0065 -0.4516 12.4017
SP500 1/50-12/59 0.0005 0.0073 -0.7050 9.7528
SP100 1/00-12/07 -0.0001 0.0116 0.0560 5.8268
SP100 1/90-12/99 0.0006 0.0093 -0.3123 8.0920
SP100 8/82-12/89 0.0006 0.0125 -3.8131 79.1413
SP400 1/00-12/07 0.0003 0.0121 -0.0076 4.9105
SP400 8/91-12/99 0.0006 0.0086 -0.6172 7.9556
SP600 1/00-12/07 0.0004 0.0127 -0.0081 3.8581
SP600 8/95-12/99 0.0005 0.0095 -0.8044 7.7045

Notes: The table shows descriptive statistics of different German and US stock market indices’
returns for each weekday during the respective sub-sample periods, as indicated in subscript.
“Mean” is the mean return. In case of normally distributed returns, skewness should be zero, and
kurtosis should be three.
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Table 4: Distribution of top/bottom first percentile returns for different sub-sample periods

Obs. MON TUE WED THU FRI Sum Chi 2 -p MON TUE WED THU FRI Sum Chi 2 -p

CDAX 1/00-12/07 2,033 16 11 12 11 7 57 0.50 15 11 10 10 13 59 0.37

CDAX 1/90-12/99 2,491 5 6 1 6 5 23 0.51 9 3 6 4 2 24 0.68

CDAX 1/80-12/89 2,467 5 3 2 1 2 13 0.49 3 1 1 1 3 9 0.43

CDAX 1/70-12/79 2,450 0 1 0 0 0 1 0.52 1 0 0 0 1 2 0.46

CDAX 1/70-12/07 9,441 26 21 15 18 14 94 0.59 28 15 17 15 19 94 0.67

DAX 1/00-12/07 2,033 15 11 12 10 9 57 0.38 14 11 11 8 10 54 0.38

DAX 1/90-12/99 2,492 10 7 1 10 7 35 0.75 13 3 5 4 2 27 0.94

DAX 1/80-12/89 2,488 8 1 2 2 1 14 0.90 2 6 5 3 3 19 0.44

DAX 1/70-12/79 2,491 1 0 0 1 0 2 0.46 1 0 2 0 1 4 0.49

DAX 1/65-12/69 1,246 0 0 0 0 0 0   -   2 0 0 0 2 4 0.66

DAX 1/65-12/07 10,750 34 19 15 23 17 108 0.86 32 20 23 15 18 108 0.75

MDAX 1/00-12/07 2,026 9 7 5 6 2 29 0.57 5 3 7 8 5 28 0.44

MDAX 1/90-12/99 2,488 4 6 0 5 3 18 0.65 5 5 4 2 1 17 0.52

MDAX 1/88-12/89 495 3 0 0 0 0 3 0.90 1 2 0 1 1 5 0.39

MDAX 1/88-12/07 5,009 16 13 5 11 5 50 0.83 11 10 11 11 7 50 0.35

SDAX 1/00-12/07 2,022 11 5 5 8 4 33 0.59 5 3 4 5 7 24 0.38

SDAX 1/90-12/99 2,482 5 4 2 2 2 15 0.43 5 3 4 2 2 16 0.40

SDAX 1/88-12/89 498 1 1 0 0 0 2 0.46 4 3 1 1 1 10 0.52

SDAX 1/88-12/07 5,002 17 10 7 10 6 50 0.73 14 9 9 8 10 50 0.40

SP500 1/00-12/07 1,997 11 11 9 9 12 52 0.33 7 12 11 9 6 45 0.45

SP500 1/90-12/99 2,500 7 4 1 5 7 24 0.60 6 6 2 4 5 23 0.42

SP500 1/80-12/89 2,518 14 3 3 4 3 27 0.97 6 11 7 6 6 36 0.43

SP500 1/70-12/79 2,508 9 2 5 1 0 17 0.95 3 3 6 7 4 23 0.45

SP500 1/60-12/69 2,460 3 3 0 0 1 7 0.69 2 2 2 2 1 9 0.32

SP500 1/50-12/59 2,443 11 2 2 2 0 17 0.99 3 0 3 0 2 8 0.64

SP500 1/50-12/07 14,426 55 25 20 21 23 144 1.00 27 34 31 28 24 144 0.39

SP100 1/00-12/07 1,997 6 6 6 6 7 31 0.32 4 9 5 7 3 28 0.53

SP100 1/90-12/99 2,508 5 1 1 3 6 16 0.68 1 5 1 3 2 12 0.57

SP100 8/82-12/89 1,862 6 1 3 4 3 17 0.52 7 7 5 2 3 24 0.55

SP100 8/82-12/07 6,367 17 8 10 13 16 64 0.56 12 21 11 12 8 64 0.73

SP400 1/00-12/07 1,997 9 9 6 3 4 31 0.59 4 8 6 10 8 36 0.45

SP400 8/91-12/99 2,106 3 2 0 3 2 10 0.46 0 2 0 3 0 5 0.76

SP400 8/91-12/07 4,103 12 11 6 6 6 41 0.56 4 10 6 13 8 41 0.65

SP600 1/00-12/07 2,002 4 8 4 2 4 22 0.55 3 9 7 7 4 30 0.52

SP600 8/95-12/99 1,098 3 1 1 3 1 9 0.43 0 1 0 0 0 1 0.52

SP600 8/95-12/07 3,100 7 9 5 5 5 31 0.39 3 10 7 7 4 31 0.59

1% lowest returns 1% highest returns

Notes: The table shows the number of observations in the top/bottom first percentile of the
respective daily return distributions by day of the week for the sub-sample periods indicated in
subscript. The column “Chi2-p” shows the probability with which the hypothesis of stochastic
dependence of observations across days of the week can be rejected according to χ2 test statistics.
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Table 5: Regression results for the respective full sample periods

F-Test
CDAX 1/70-12/07 0.0002 0.0000 0.0003 0.0005 ** 0.0007 *** 0.69

DAX 1/65-12/07 -0.0008 *** 0.0000 0.0005 ** 0.0006 ** 0.0009 *** 1.00

MDAX 1/88-12/07 -0.0002 0.0001 0.0005 0.0007 ** 0.0012 *** 0.97

SDAX 1/88-12/07 0.0006 *** -0.0002 0.0001 0.0002 0.0010 *** 0.99

SP500 1/50-12/07 -0.0007 *** 0.0003 0.0009 *** 0.0004 ** 0.0007 *** 1.00

SP100 8/82-12/07 0.0005 0.0007 ** 0.0007 ** 0.0000 0.0001 0.51

SP400 8/91-12/07 -0.0002 0.0000 0.0011 *** 0.0008 ** 0.0006 0.87

SP600 8/95-12/07 -0.0005 0.0004 0.0009 * 0.0004 0.0007 0.54

MON TUE WED THU FRI

Notes: The table shows daily mean returns of different German and US stock market indices
during the respective full sample periods, as indicated in subscript. The numbers are calculated
using the following regression: Rt = �1MON + �2TUE + �3WED + �4THU + �5FRI + et . Asterisks
(*/**/***) indicate the respective parameter’s level of significance (0,90/0,95/0,99) according to t-
statistics. The column “F-Test” shows the level of confidence by which the hypothesis of equal
mean returns is rejected.
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Table 6: Regression results per week of the month for the respective full sample periods

F-Test
CDAX 1/70-12/07 MON 0.0018 *** -0.0004 0.0000 -0.0009 * 0.0009 0.9867

TUE 0.0004 -0.0003 0.0003 -0.0006 -0.0002 0.4367
WED 0.0013 *** -0.0007 * 0.0001 0.0001 0.0016 ** 0.9777
THU 0.0003 0.0006 0.0003 0.0009 * 0.0004 0.0724
FRI 0.0014 *** 0.0009 ** -0.0003 0.0000 0.0024 *** 0.9789

DAX 1/65-12/07 MON 0.0012 * -0.0012 ** -0.0013 ** -0.0020 *** 0.0001 0.9899
TUE 0.0004 -0.0001 0.0004 -0.0006 0.0002 0.2629
WED 0.0017 *** -0.0008 0.0002 0.0003 0.0022 ** 0.9910
THU 0.0005 0.0006 0.0005 0.0007 0.0005 0.0005
FRI 0.0020 *** 0.0007 0.0002 0.0003 0.0026 *** 0.9644

MDAX 1/88-12/07 MON 0.0016 ** 0.0000 -0.0012 -0.0019 ** 0.0019 0.9789
TUE 0.0011 * -0.0005 0.0009 -0.0010 0.0001 0.8411
WED 0.0018 *** -0.0012 ** 0.0005 -0.0002 0.0033 *** 0.9989
THU 0.0004 0.0002 0.0001 0.0015 ** 0.0019 * 0.5807
FRI 0.0021 *** 0.0012 ** 0.0001 0.0009 * 0.0033 *** 0.9655

SDAX 1/88-12/07 MON 0.0016 *** 0.0009 -0.0006 -0.0002 0.0029 *** 0.9890
TUE 0.0000 0.0001 0.0000 -0.0012 *** 0.0002 0.6758
WED 0.0004 -0.0008 * 0.0000 -0.0002 0.0025 *** 0.9842
THU -0.0001 -0.0004 0.0002 0.0009 ** 0.0013 * 0.7527
FRI 0.0012 *** 0.0006 0.0006 0.0007 0.0038 *** 0.9888

SP500 1/50-12/07 MON 0.0003 -0.0001 -0.0011 *** -0.0021 *** -0.0004 1.0000
TUE 0.0006 * -0.0005 0.0003 0.0004 0.0012 ** 0.9495
WED 0.0014 *** 0.0001 0.0008 ** 0.0012 *** 0.0010 * 1.0000
THU 0.0008 ** 0.0000 0.0007 ** 0.0000 0.0002 0.9109
FRI 0.0014 *** 0.0008 ** 0.0000 0.0003 0.0023 *** 1.0000

SP100 8/82-12/07 MON 0.0019 ** 0.0016 ** -0.0002 -0.0012 -0.0003 0.9338
TUE 0.0003 -0.0001 0.0015 ** 0.0007 0.0015 0.4935
WED 0.0014 ** -0.0004 0.0007 0.0010 * 0.0012 0.6701
THU -0.0004 -0.0003 0.0010 -0.0002 -0.0003 0.3836
FRI 0.0010 * 0.0002 -0.0002 -0.0007 0.0003 0.5081

SP400 8/91-12/07 MON 0.0010 0.0001 -0.0008 -0.0012 0.0007 0.5414
TUE -0.0006 -0.0006 0.0009 -0.0003 0.0019 0.5759
WED 0.0016 ** -0.0008 0.0006 0.0022 *** 0.0040 *** 0.9867
THU -0.0002 0.0002 0.0014 * 0.0008 0.0030 ** 0.6735
FRI 0.0014 * 0.0006 -0.0012 * 0.0008 0.0025 ** 0.9023

SP600 8/95-12/07 MON 0.0001 -0.0005 -0.0009 -0.0014 0.0019 0.3236
TUE -0.0007 -0.0002 0.0019 ** -0.0004 0.0027 0.7497
WED 0.0015 * -0.0013 0.0008 0.0013 0.0042 *** 0.9290
THU 0.0003 -0.0006 0.0008 0.0006 0.0017 0.1824
FRI 0.0016 * 0.0005 -0.0007 0.0008 0.0024 0.5013

Week 1 Week 2 Week 3 Week 4 Week 5

Notes: The table shows daily mean returns of different German and US stock market indices per
week of the month during the respective full sample periods, as indicated in subscript. The
numbers are calculated using regressions of the following type: Rt = �1DAY1+ �2DAY2 + �3DAY3
+ �4DAY4 + �5DAY5 + et , with DAY1-5 being MON1-5 to FRI1-5. The first week of the month
includes the calendar days 1-7 of the month, the second week includes days 8-14, etc. Asterisks
(*/**/***) indicate the respective parameter’s level of significance (0,90/0,95/0,99) according to t-
statistics. The column “F-Test” shows the level of confidence by which the hypothesis of equal
mean returns is rejected.
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Table 7: Regression results for different sub-periods

F-Test
CDAX 1/70-12/79 -0.0005 * -0.0002 0.0002 0.0003 0.0006 ** 0.87

CDAX 1/80-12/89 0.0002 -0.0001 0.0010 *** 0.0010 *** 0.0010 ** 1.00

CDAX 1/90-12/99 0.0010 ** 0.0003 0.0008 * -0.0001 0.0003 0.88

CDAX 1/00-12/07 0.0001 -0.0003 -0.0009 0.0010 0.0008 0.65

DAX 1/65-12/69 -0.0021 *** -0.0006 0.0009 * 0.0014 *** 0.0013 *** 1.00

DAX 1/70-12/79 -0.0020 *** 0.0003 0.0001 0.0001 0.0011 *** 1.00

DAX 1/80-12/89 -0.0014 *** 0.0001 0.0014 *** 0.0010 * 0.0015 *** 1.00

DAX 1/90-12/99 0.0011 * 0.0003 0.0011 * -0.0002 0.0004 0.44

DAX 1/00-12/07 0.0002 -0.0003 -0.0011 0.0011 0.0004 0.52

MDAX 1/88-12/89 -0.0007 0.0020 * 0.0021 * 0.0018 0.0024 ** 0.98

MDAX 1/90-12/99 -0.0003 0.0002 0.0007 * 0.0002 0.0005 0.72

MDAX 1/00-12/07 0.0001 -0.0004 -0.0003 0.0009 * 0.0019 *** 1.00

SDAX 1/88-12/89 0.0017 ** 0.0011 0.0018 ** 0.0016 ** 0.0016 ** 1.00

SDAX 1/90-12/99 0.0004 -0.0004 0.0001 0.0000 0.0005 * 0.75

SDAX 1/00-12/07 0.0006 -0.0004 -0.0004 0.0001 0.0015 *** 1.00

SP500 1/50-12/59 -0.0013 *** 0.0000 0.0011 *** 0.0009 *** 0.0019 *** 1.00

SP500 1/60-12/69 -0.0016 *** 0.0001 0.0010 *** 0.0005 * 0.0009 *** 1.00

SP500 1/70-12/79 -0.0013 *** -0.0002 0.0006 * 0.0004 0.0007 * 0.99

SP500 1/80-12/89 -0.0012 ** 0.0010 ** 0.0014 *** 0.0002 0.0008 * 1.00

SP500 1/90-12/99 0.0011 *** 0.0006 0.0009 ** -0.0003 0.0006 0.99

SP500 1/00-12/07 0.0001 -0.0001 0.0002 0.0005 -0.0007 0.24

SP100 8/82-12/89 -0.0002 0.0014 ** 0.0011 * 0.0001 0.0005 0.85

SP100 1/90-12/99 0.0013 *** 0.0007 0.0009 ** -0.0003 0.0006 1.00

SP100 1/00-12/07 0.0000 0.0000 0.0002 0.0004 -0.0009 0.35

SP400 8/91-12/99 0.0002 0.0002 0.0016 *** 0.0004 0.0006 0.99

SP400 1/00-12/07 -0.0005 -0.0002 0.0007 0.0012 ** 0.0005 0.75

SP600 8/95-12/99 -0.0003 0.0003 0.0011 * -0.0004 0.0015 ** 0.90

SP600 1/00-12/07 -0.0005 0.0004 0.0007 0.0008 0.0002 0.51

FRIMON TUE WED THU

Notes: The table shows daily mean returns of different German and US stock market indices
during different sample sub-periods, as indicated in subscript. The numbers are calculated using
the following regression: Rt = �1MON + �2TUE + �3WED + �4THU + �5FRI + et . Asterisks
(*/**/***) indicate the respective parameter’s level of significance (0,90/0,95/0,99) according to t-
statistics. The column “F-Test” shows the level of confidence by which the hypothesis of equal
mean returns is rejected.
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Table 8: CDAX regression results categorised by week of the month

F-Test
CDAX 1/70-12/79 MON 0.0004 -0.0008 -0.0012 ** -0.0007 0.0008 0.8555

TUE 0.0002 0.0002 -0.0006 -0.0006 0.0004 0.3021
WED 0.0001 0.0006 0.0000 -0.0003 0.0010 0.2688
THU 0.0003 0.0005 -0.0002 -0.0001 0.0019 ** 0.6063
FRI 0.0008 0.0010 * -0.0003 0.0004 0.0021 ** 0.8836

CDAX 1/80-12/89 MON 0.0019 ** -0.0004 0.0002 -0.0008 -0.0007 0.6014

TUE 0.0005 -0.0006 0.0002 -0.0006 0.0001 0.1488
WED 0.0022 *** -0.0004 0.0017 ** 0.0003 0.0020 * 0.9934
THU 0.0018 ** 0.0016 ** 0.0005 0.0003 0.0004 0.9397
FRI 0.0017 ** 0.0009 0.0000 0.0009 0.0020 0.9337

CDAX 1/90-12/99 MON 0.0027 ** 0.0014 0.0003 -0.0007 0.0012 0.8813

TUE 0.0011 0.0002 0.0005 -0.0005 0.0009 0.2765
WED 0.0019 ** -0.0009 0.0010 0.0006 0.0024 * 0.9260
THU 0.0000 -0.0010 0.0000 0.0005 -0.0005 0.1194
FRI 0.0011 0.0011 0.0005 -0.0018 * 0.0013 0.8184

CDAX 1/00-12/07 MON 0.0026 -0.0020 0.0007 -0.0018 0.0023 0.7252

TUE -0.0003 -0.0009 0.0014 -0.0008 -0.0025 0.3374
WED 0.0012 -0.0026 * -0.0027 * -0.0002 0.0009 0.8371
THU -0.0010 0.0014 0.0010 0.0033 ** -0.0004 0.7487
FRI 0.0023 * 0.0004 -0.0016 0.0007 0.0045 * 0.8246

Week 5Week 1 Week 2 Week 3 Week 4

Notes: The table shows daily mean returns of the German all-share stock market index CDAX per
week of the month during different sample sub-periods, as indicated in subscript. The numbers are
calculated using regressions of the following type: Rt = �1DAY1+ �2DAY2 + �3DAY3 + �4DAY4 +
�5DAY5 + et , with DAY1-5 being MON1-5 to FRI1-5. The first week of the month includes the
calendar days 1-7 of the month, the second week includes days 8-14, etc. Asterisks (*/**/***)
indicate the respective parameter’s level of significance (0,90/0,95/0,99) according to t-statistics.
The column “F-Test” shows the level of confidence by which the hypothesis of equal mean returns
is rejected.
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Table 9: DAX regression results categorised by week-of-the-month

F-Test
DAX 1/65-12/69 MON -0.0006 -0.0015 -0.0042 *** -0.0025 ** -0.0004 0.6880

TUE 0.0006 -0.0003 -0.0021 * -0.0017 0.0021 0.7208
WED 0.0026 ** -0.0008 0.0003 0.0000 0.0052 *** 0.9605
THU 0.0027 *** -0.0007 0.0025 ** 0.0012 0.0018 0.7937
FRI 0.0042 *** 0.0003 0.0011 0.0003 -0.0003 0.8929

DAX 1/70-12/79 MON -0.0013 -0.0023 *** -0.0028 *** -0.0020 ** -0.0010 0.2193

TUE 0.0007 0.0006 -0.0002 0.0000 0.0003 0.0528
WED -0.0004 0.0001 0.0007 -0.0003 0.0009 0.1024
THU 0.0003 0.0004 -0.0005 -0.0004 0.0011 0.1414
FRI 0.0017 ** 0.0006 -0.0001 0.0014 * 0.0033 ** 0.6192

DAX 1/80-12/89 MON 0.0016 -0.0018 -0.0019 -0.0034 *** -0.0023 0.8647

TUE -0.0002 -0.0006 0.0011 -0.0003 0.0012 0.1916
WED 0.0032 *** 0.0002 0.0017 0.0003 0.0022 0.6901
THU 0.0021 ** 0.0015 0.0006 -0.0004 0.0014 0.4599
FRI 0.0020 ** 0.0010 0.0011 0.0014 0.0034 ** 0.2266

DAX 1/90-12/99 MON 0.0031 ** 0.0016 0.0002 -0.0008 0.0020 0.5305

TUE 0.0011 0.0002 0.0005 -0.0006 0.0007 0.0820
WED 0.0022 ** -0.0012 0.0012 0.0015 0.0033 * 0.8040
THU -0.0006 -0.0003 0.0001 0.0001 -0.0007 0.0073
FRI 0.0014 0.0012 0.0008 -0.0020 * 0.0015 0.7377

DAX 1/00-12/07 MON 0.0024 -0.0021 0.0011 -0.0015 0.0021 0.5775

TUE -0.0002 -0.0008 0.0016 -0.0008 -0.0031 0.3330
WED 0.0014 -0.0026 * -0.0032 ** -0.0003 0.0005 0.6899
THU -0.0011 0.0017 0.0010 0.0035 ** -0.0007 0.5426
FRI 0.0020 -0.0001 -0.0019 0.0004 0.0041 0.6154

Week 5Week 1 Week 2 Week 3 Week 4

Table 10: MDAX regression results categorised by week of the month

F-Test
MDAX 1/88-12/89 MON 0.0021 0.0012 -0.0042 -0.0032 0.0010 0.2013

TUE 0.0031 -0.0008 0.0049 ** 0.0001 0.0037 0.7810
WED 0.0042 *** -0.0001 0.0015 0.0018 0.0047 * 0.9492
THU 0.0008 0.0035 ** 0.0012 0.0009 0.0041 * 0.9246
FRI 0.0061 *** 0.0023 0.0011 0.0007 0.0008 0.9880

MDAX 1/90-12/99 MON 0.0013 0.0005 -0.0013 -0.0020 ** 0.0011 0.8576

TUE 0.0018 ** 0.0004 -0.0002 -0.0013 0.0000 0.8278
WED 0.0021 *** -0.0005 0.0009 -0.0005 0.0032 *** 0.9932
THU 0.0005 0.0002 -0.0001 0.0002 0.0010 0.0902
FRI 0.0014 * 0.0009 -0.0002 -0.0006 0.0018 0.8250

MDAX 1/00-12/07 MON 0.0018 -0.0008 -0.0003 -0.0015 0.0030 0.7614

TUE -0.0005 -0.0014 0.0013 -0.0009 -0.0007 0.5914
WED 0.0007 -0.0023 ** -0.0002 -0.0003 0.0031 * 0.8553
THU 0.0002 -0.0006 0.0002 0.0031 *** 0.0023 0.9143
FRI 0.0021 ** 0.0012 0.0002 0.0028 *** 0.0059 *** 0.9999

Week 1 Week 2 Week 3 Week 4 Week 5
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Table 11: SDAX regression results categorised by week of the month

F-Test
SDAX 1/88-12/89 MON 0.0015 0.0012 0.0016 0.0017 0.0036 0.4014

TUE 0.0018 0.0018 0.0001 0.0013 -0.0009 0.3616
WED 0.0035 *** 0.0003 0.0012 0.0015 0.0047 ** 0.9713
THU 0.0008 0.0024 * 0.0012 0.0023 0.0003 0.7242
FRI 0.0012 0.0021 0.0034 ** -0.0007 0.0027 0.9162

SDAX 1/90-12/99 MON 0.0010 0.0010 -0.0008 0.0002 0.0010 0.6742

TUE -0.0006 0.0005 0.0000 -0.0017 *** 0.0003 0.8907
WED 0.0004 -0.0007 0.0003 -0.0003 0.0015 0.6416
THU -0.0002 -0.0005 0.0000 0.0005 0.0010 0.3643
FRI 0.0007 0.0007 0.0002 -0.0001 0.0018 * 0.7774

SDAX 1/00-12/07 MON 0.0021 ** 0.0006 -0.0008 -0.0013 0.0052 *** 0.9958

TUE 0.0004 -0.0008 -0.0001 -0.0013 0.0002 0.4618
WED -0.0004 -0.0012 -0.0007 -0.0005 0.0034 ** 0.8922
THU -0.0002 -0.0009 0.0001 0.0010 0.0019 0.5784
FRI 0.0019 ** 0.0000 0.0004 0.0021 *** 0.0064 *** 1.0000

Week 5Week 1 Week 2 Week 3 Week 4

Table 12: SP500 regression results categorised by week of the month

F-Test
SP500 1/50-12/59 MON 0.0004 -0.0016 * -0.0021 ** -0.0030 *** 0.0016 0.9992

TUE 0.0018 *** -0.0023 *** 0.0003 0.0000 0.0008 0.9954
WED 0.0014 ** 0.0003 0.0014 ** 0.0015 ** 0.0007 0.9757
THU 0.0020 *** 0.0001 0.0011 * 0.0008 0.0002 0.9837
FRI 0.0025 *** 0.0011 * 0.0015 *** 0.0019 *** 0.0041 *** 1.0000

SP500 1/60-12/69 MON -0.0011 -0.0004 -0.0012 * -0.0039 *** -0.0010 1.0000

TUE 0.0009 0.0002 -0.0007 -0.0002 0.0011 0.5351
WED 0.0011 * 0.0012 ** 0.0006 0.0012 ** 0.0003 0.9624
THU 0.0019 *** 0.0001 0.0000 -0.0003 0.0015 0.9798
FRI 0.0012 ** 0.0013 *** 0.0003 0.0000 0.0027 *** 0.9993

SP500 1/70-12/79 MON -0.0012 -0.0005 -0.0014 -0.0020 ** -0.0012 0.9087

TUE 0.0004 -0.0008 -0.0003 -0.0002 0.0003 0.1167
WED 0.0018 ** -0.0002 0.0004 0.0007 0.0000 0.6790
THU 0.0013 * -0.0004 0.0009 -0.0001 -0.0005 0.6205
FRI 0.0012 0.0009 -0.0009 0.0009 0.0022 * 0.9025

SP500 1/80-12/89 MON 0.0000 -0.0005 -0.0020 -0.0020 -0.0022 0.5450

TUE 0.0000 0.0005 0.0009 0.0020 ** 0.0031 ** 0.9241
WED 0.0021 ** 0.0005 0.0022 ** 0.0009 0.0010 0.9711
THU 0.0009 -0.0003 0.0000 0.0003 0.0004 0.0839
FRI 0.0010 0.0005 0.0009 0.0001 0.0032 ** 0.7566

SP500 1/90-12/99 MON 0.0028 *** 0.0027 *** 0.0001 -0.0002 -0.0013 0.9947

TUE 0.0004 -0.0007 0.0010 0.0011 0.0022 0.7225
WED 0.0008 0.0000 0.0009 0.0016 ** 0.0015 0.8763
THU -0.0016 * 0.0002 0.0012 -0.0016 * 0.0005 0.8844
FRI 0.0021 ** 0.0008 -0.0001 -0.0004 0.0003 0.8023

SP500 1/00-12/07 MON 0.0008 -0.0004 0.0006 -0.0012 0.0023 0.3402

TUE -0.0001 -0.0002 0.0009 -0.0009 -0.0008 0.0960
WED 0.0017 -0.0015 -0.0011 0.0010 0.0030 0.8205
THU -0.0001 0.0004 0.0010 0.0012 -0.0011 0.2434
FRI -0.0002 -0.0001 -0.0021 * -0.0008 0.0011 0.4932

Week 1 Week 2 Week 3 Week 4 Week 5
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Table 13: SP100 regression results categorised by week of the month

F-Test
SP100 8/82-12/89 MON 0.0015 0.0017 -0.0015 -0.0023 -0.0009 0.4130

TUE 0.0000 0.0002 0.0023 * 0.0022 * 0.0035 * 0.8978
WED 0.0019 -0.0002 0.0025 ** 0.0004 0.0006 0.8179
THU 0.0010 -0.0015 -0.0001 0.0007 0.0013 0.3623
FRI 0.0011 0.0000 0.0010 -0.0002 0.0012 0.1533

SP100 1/90-12/99 MON 0.0031 *** 0.0031 *** 0.0001 -0.0004 -0.0013 0.9984

TUE 0.0005 -0.0006 0.0012 0.0011 0.0018 0.6593
WED 0.0007 0.0002 0.0012 0.0015 * 0.0006 0.8091
THU -0.0016 * 0.0003 0.0016 * -0.0018 ** -0.0001 0.9301
FRI 0.0022 ** 0.0008 0.0006 -0.0006 -0.0005 0.8178

SP100 1/00-12/07 MON 0.0008 -0.0005 0.0008 -0.0013 0.0015 0.2620

TUE 0.0002 0.0001 0.0010 -0.0011 -0.0007 0.1339
WED 0.0019 -0.0014 -0.0015 0.0009 0.0027 0.7993
THU -0.0001 0.0002 0.0011 0.0011 -0.0019 0.3040
FRI -0.0003 -0.0003 -0.0022 * -0.0014 0.0005 0.5727

Week 5Week 1 Week 2 Week 3 Week 4

Table 14: SP400 regression results categorised by week of the month

F-Test
SP400 8/91-12/99 MON 0.0026 ** 0.0015 -0.0015 -0.0012 -0.0018 0.9719

TUE -0.0003 -0.0003 0.0004 0.0003 0.0024 * 0.3992
WED 0.0014 * 0.0003 0.0017 ** 0.0023 *** 0.0037 *** 0.9993
THU -0.0011 -0.0001 0.0015 * -0.0002 0.0039 *** 0.9353
FRI 0.0018 ** 0.0004 -0.0009 0.0003 0.0029 ** 0.9360

SP400 1/00-12/07 MON -0.0006 -0.0013 -0.0001 -0.0013 0.0033 0.5062

TUE -0.0010 -0.0009 0.0013 -0.0009 0.0012 0.3501
WED 0.0018 -0.0019 -0.0004 0.0020 0.0044 ** 0.9515
THU 0.0008 0.0005 0.0013 0.0018 0.0020 0.5569
FRI 0.0010 0.0009 -0.0016 0.0013 0.0021 0.5625

Week 1 Week 2 Week 3 Week 4 Week 5

Table 15: SP600 regression results categorised by week of the month

F-Test
SP600 8/95-12/99 MON 0.0024 0.0006 -0.0015 -0.0019 -0.0018 0.6046

TUE -0.0008 -0.0009 0.0023 * -0.0002 0.0030 0.7311
WED 0.0010 -0.0002 0.0023 ** 0.0001 0.0047 ** 0.9306
THU -0.0010 -0.0022 0.0009 -0.0010 0.0041 * 0.7616
FRI 0.0036 *** 0.0006 0.0010 0.0002 0.0038 * 0.9566

SP600 1/00-12/07 MON -0.0009 -0.0010 -0.0005 -0.0011 0.0041 * 0.5459

TUE -0.0007 0.0002 0.0017 -0.0005 0.0025 0.3766
WED 0.0018 -0.0018 -0.0001 0.0020 0.0039 * 0.8997
THU 0.0010 0.0003 0.0008 0.0015 0.0003 0.2351
FRI 0.0006 0.0004 -0.0016 0.0011 0.0016 0.3395

Week 5Week 1 Week 2 Week 3 Week 4
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Abstract 

In this paper, the impact of five recent terrorist attacks on equities listed on the 

Japanese Stock Exchange is examined. We analyse how these events affect the 

different sectors in Japan using the Global Industry Classification Standard. Using 

parametric and non-parametric tests, we investigate the relationship between stock 

returns for equities listed in these sectors and terrorist attacks. The empirical evidence 

shows significant short-term negative abnormal returns around the September 11 

attacks and to a lesser extent, the London and Bali Bombings. There is also evidence 

of a weak positive equity response to the Bali bombing, and a weak negative 

response to the Madrid attack in the Japanese market. We document negative 

industry abnormal returns as high as 9.67% in response to the September 11 attack. 

Our findings show that systematic risk of certain sectors increased after the events of 

September 11, but remained unchanged for the other attacks. 
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I. Introduction 

Richman, Santos and Barkoulas (2005) provides a detailed analysis of the short and 

long term effects of the September 11, 2001 terrorist attacks on 28 countries by 

applying the International Capital Asset Pricing Model (ICAPM). The empirical 

evidence shows that there was a negative stock market reaction on the Japanese 

returns but no change in systematic risk days surrounding the attack. Chen and 

Siems (2004) supported their findings and also studied the terrorist attacks prior to 

September 11. Drakos (2004) investigates the effects of September 11 attacks on a 

set of airline stocks at various international stock markets and argue that terrorism is 

an exogenous factor adversely affecting demand shock for the airline industries. 

Drakos (2004) shows an immediate impact on the world stock exchanges with all 

Nippon airline stocks falling sharply and also document an apparent shift in the 

riskiness of airlines stocks after the attack through an increase in systematic risk. Ito 

and Lee (2005), on the other hand, argue that there is a substitution effect between 

international travel and domestic travel. They show an upward spike of 6% in the 

Japanese domestic demand and a dramatic drop of 8.9% in international demand 

after the September 11 event. Positive reactions and substitution effects of terrorist 

attacks are not isolated events, such effects were also observed by Cam (2006) and 

Ramiah, Calabro, Maher, Ghafouri, and Cam (2007) in the United States and 

Australian markets. 

 

Following Ito and Lee (2005), Cam (2006), Ramiah et al. (2007) we do not assume 

that investors necessarily react negatively to terrorist attacks. Equity holders appear 

to respond negatively to such events only when they perceive an increase in the 

expected costs of terrorist activities. We argue that market participants may well not 
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react if they do not perceive that the attack has an impact on expected returns. It is 

possible that global stock markets do not necessarily react negatively on days 

surrounding a major terrorist attack. It appears that markets can respond differently to 

the different attacks and that the variability in risk and returns differs significantly 

across different sectors within an economy. 

 

The Japanese Stock Exchange provides an ideal testing ground for our arguments. 

Japan’s strong ties with the United States and the ‘war on terror’ may attract terrorist 

activity. Furthermore the Japanese Stock Exchange was among the first markets to 

open immediately following September 11 events. The majority of the literature of 

terrorist attacks and the Japanese market is limited to firstly the September 11 event, 

secondly the overall Japanese market and thirdly to only one industry within that 

economy. Moreover the results of the airline industry appear to be conflicting. One the 

one hand, Drakos (2004) argues a negative impact on the airline industry in Japan 

while Ito and Lee (2005) show a positive impact in the domestic airlines.  

 

As such, three gaps are evident in the existing literature. First, there have been 

several terrorist attacks after September 11 in both Europe and Asia which the current 

literature does not address. Secondly, most of the studies in Japan focus on the 

overall market and other segments of the markets have been neglected. Thirdly, an 

industry analysis allows us to shed lights on the debate of substitution effect in the 

Japanese market. Our contributions are as follows. First, we identify precisely which 

industries in Japan were affected and the direction they were affected. Second, we 

look at how subsequent attacks impacted on these industries. Third we modify the 

methodologies used in the existing literature by excluding firm specific information, 

using regression analysis and using non-parametric tests, to reinforce our findings. 
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Most of the existing literature fails to exclude firm specific information and thus report 

results containing both the impact of terrorist attacks and other non-terrorist 

components. Global investors, as well as Japanese investors, can use this to better 

inform their investment decisions in Japan in the event of another terrorist attack. 

Such analysis should prove beneficial to portfolio managers that use the top-down 

investment process. The second stage of the top-down investment process is to deal 

with the factors influencing the industry and we contribute to this debate by adding the 

terrorist impact on the different industries.  

 

Most of the above literature may lead one to believe that terrorist attacks result in an 

increase in terrorist risk, and therefore reflect a negative sentiment. We argue that 

such conclusions should not be drawn until one considers the industry effects of 

terrorist attacks in other nations and also terrorist attacks post September 11. To 

support our hypothesis, we study the impact on the Japanese Stock Exchange values 

following the September 11 and four subsequent terrorist attacks occurring in Bali, 

Madrid, London and Mumbai. By observing the industry effects in Japan, we can 

determine how Japanese investors reacted to the recent major terrorist attacks.  

 

This study is unique in the sense that it is the first study that looks at the short term 

effects of the five recent attacks on the different Japanese industries. Most of the 

current literature attempts to study the impact on the world capital markets of one 

attack, whereas we study how the major international terrorist attacks had an impact 

on one single country. The remainder of the paper is organised as follows, in Section 

II the data and methods used in this paper are presented, Section III presents the 

empirical findings and Section IV provides some concluding remarks. 
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II. Data and Methods 

Data 

This study uses daily stock return indices, returns calculated from the share price 

index and the 3 months treasury bills for the period July 1999 to February 2007, 

obtained from Datastream. This results in a total of 1859 stocks examined in our 

sample. The number of firms in each of these industry sectors is shown in Table 1 

which reports the descriptive statistics for each of the different industries. The average 

daily return for the Beverages, Electronic, Food and Drug, Health Care, Household 

Goods, Leisure Goods, Life and Non-Life Insurance, Media, Pharmaceuticals, 

Retailers, Software, Support Service, Technology, Telecommunication and Travel 

and Leisure sectors are negative. Table 1 also includes the standard deviation, 

skewness, excess kurtosis, range of returns and the number of firms in each of the 

industry sectors. Details of the five terrorist attacks that occurred in the United States, 

Bali, Madrid, London and Mumbai, are summarised in Table 2. 

 

Methodology 

Daily returns are defined as: 

 









=

−1

ln
it

it

it
SRI

SRI
DR             (1) 

 

where DRit is the daily return for stock i, SRIit is the stock return index for stock i at 

time t and SRIit-1 is the stock return index for stock i at time t-1. 
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The ex-post abnormal returns ( itAR ) are calculated following Brown and Warner 

(1985), Cam (2006) and Ramiah et al. (2007). These are calculated as the difference 

between observed returns of firm i at event day t, and the expected return, E(Rit): 

 

( )ititit RERAR −=             (2) 

 

The daily expected return ( )itRE  is calculated using the market model with a window 

of the last 260 observed daily returns: 

 

( ) Mit RRE 10 ββ +=            (3) 

 

The abnormal return for industry I at time t, ARIt, is obtained by averaging the 

abnormal return of each firm within the industry: 

∑
=

=

N

i

itIt AR
N

AR
1

1
            (4) 

 

Parametric Tests 

The parametric tests used in this study rely on the important assumption that the 

industry abnormal returns and cumulative abnormal returns are normally distributed. 

The standard t-statistic for the abnormal return is: 

 

( )it

it

AR
ARSD

AR
t

It
=             (5) 

 

where SD(ARIt) is an estimate of the standard deviation of the abnormal returns. By 

cumulating the periodic abnormal return for each industry over five days, the five day 

cumulative abnormal return,CAR5It  are defined as: 
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∑
=

=

5

1
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ItIt ARCAR             (6) 

 

The t-statistic for the five day cumulative abnormal return is obtained by dividing 

CAR5It by the standard deviation of the five day cumulative abnormal return, 

SD(CAR5It):  

 

( )It

It

CAR
CARSD

CAR
t

It 5

5
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Non-Parametric Tests 

The literature dealing with abnormal returns show that they are typically not normally 

distributed. More specifically, the distribution of the abnormal returns tends to exhibit 

fat tails and positive skewness. Under these circumstances, parametric tests tend to 

reject the null too often when testing for positive abnormal performance and too 

seldom when testing for negative abnormal returns. As a robustness test, an 

alternative test developed by Corrado (1989) is used.  This non-parametric test is 

more powerful at detecting the false null hypothesis of no abnormal returns.  

 

Each firm’s abnormal returns, ARit are transformed into ranks, Ki over the combined 

period, Ti, of 260 days, and is denoted as:  

 

( )iti ARrankK =             (8) 

 

Following Cam (2006) and Ramiah et al. (2007), the period is broken up into the 244 
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days prior to the event, the event day and 15 days after the event. The ranks in the 

event period for each firm are then compared with the expected average rank 
−

iK  

under the null hypothesis of no abnormal returns. This is given by: 

 

2
5.0 i

i

T
K +=
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             (9) 

 

As such, the non-parametric t-statistic, tnp, for the null hypothesis of no abnormal 

returns for each industry is given by: 
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KSD  is the standard deviation of the average rank, and is denoted by: 
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Regression Analysis 

The CAPM is used to test if terrorist attacks have had an impact on the systematic risk 

of Japanese industries on the days of the attack. A multiplicative dummy variable is 

included in the standard CAPM to test this possibility. The model estimated is 

therefore: 

 

itftmtIftmtIIftIt Drrrrrr εββφ ~*]~~[]~~[~~ 21
+−+−+=−       (12) 
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where 
Itr~  is industry I’s return at time t, ftr~ is the risk free return at time t, 

mtr~  is the 

return on the market at time t and D is a dummy variable that takes the value of 1 on 

the day of the event, and 0 otherwise. This variable is meant to capture the effect of 

terrorist attacks on the systematic risk. 

 

The inclusion of an additive dummy variable in equation (12) results in a near singular 

variance-covariance matrix. As a result, a separate equation is estimated to test if the 

intercept was affected by the attacks:  

 

itIftmtIIftIt Drrrr εααϕ ~]~~[~~ 21
++−+=−         (13) 

 

The returns were gathered for each industry 244 days prior to the event, and 15 days 

after the event. Standard tests and residual diagnostics revealed no major concerns 

with the above two econometric models. The dummy variables were also tested to 

determine whether they were redundant in the above equations using a Wald test for 

restrictions. 

 

Further, the long term impact of the terrorist events on the market are considered. The 

test determines whether the level of risk; specifically captured by structural changes, 

was altered after the event day: 

 

 

)(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−                  (14) 
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where SD is a dummy variable that takes the value of 0 prior to the event, and 1 after 

the day of the event. This variable is meant to capture the structural changes and 

influence of terrorist attacks on the systematic risk, over a long term horizon. 

 

 

III. Empirical Findings 

This section reports the results of five different terrorist attacks on the Japanese Stock 

Exchange. Using parametric tests and a non-parametric test we test whether the 

returns and systematic risk of 34 Japanese industries were affected by these five 

events. The findings confirm that there is a strong negative impact on returns for most 

of the industries and a general increase in systematic risk of some industries during 

the US September 11 attacks. Interestingly, similar evidence is not found for the 

subsequent attacks. The Bali bombings have a weak positive substitution effect on 

Japanese industries, while the London and Mumbai attacks had no significant effect 

on the equity markets. 

 

United States- September 11 

Table 3 and Table 4 summarise the parametric empirical results for September 11 for 

the different sectors. Following Cam (2006) and Ramiah et al. (2007), abnormal 

returns are reported on the event day and the five day cumulative abnormal returns 

including their respective t-statistics for the 34 different industries. It should be noted 

that unlike the US market, which opened 6 days after the attack, the Japanese market 

opened the day after the attack. In other the words, the performance of the Japanese 

stock market on the 12th of September of 2001 is being assessed. The results 

reported in Table 3 and Table 4 show a consistent negative effect on equities listed in 
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the Japanese Stock Exchange following the September 11 attack.  Figure 1 supports 

this hypothesis, except for the Gas and Oil and Telecommunication industry in the five 

day cumulative abnormal return in a positive position; all the other industries illustrate 

both a negative abnormal return and a negative five day cumulative abnormal return. 

 

Columns 2 and 3 of Table 3 report the abnormal returns and the parametric t-statistics 

for the various sectors. Table 3 shows that the returns in the Equity and Non-Equity 

Investment sector fell by 9.67% after the September 11 attacks, and the t-statistic 

shows that this value is statistically different from zero. With the exception of Banks, 

Insurance, Energy and General Financials, all the other industries exhibited a 

significantly negative abnormal return. Note that the exclusion of firms with firm 

specific information surrounding the events may account for these unexpected results 

in these sectors. Therefor 29 out of 34 sectors were affected by the event. The sector 

that was affected the most was the Equity and Non-Equity Investment sector, which 

fell by 9.67%. Such a relatively large percentage fall is not unusual, given Cam 

(2006), reports a 35% fall in the returns of Airline and Airport industry and after the 

September 11 attacks in the US. Some similarities can be observed in the Real Estate 

industry. This industry suffered on September 11 in both the US and Japan, though 

the magnitude of the impact is moderately higher in the United States.  

 

Chen and Siems (2004) assess the short term effect of September 11 on the global 

capital market. Using a major market index, they showed that the Australian equity 

market fell by 6.2%. Using an ICAPM, Richman et al. (2005) documented a negative 

impact of about 6.5% on the Japanese stock market. Our findings are thus consistent 

with Chen and Siems (2004) and Richman et al. (2005) as the results presented here 

show a clear and consistent fall in various industries in Japan.  

382



 14 

 

Whilst our analysis does not specifically look at the airline industry, the findings are 

broadly consistent with Ito and Lee (2005) in terms of negative sentiment surrounding 

the event and, as our analysis does not look specifically at the domestic airline 

industry, we cannot comment on their positive substitution effect. Figure 1 shows the 

ranking of the abnormal returns in descending order. From the Figure 1, it can be 

observed that Aerospace, Gas and Oil and General Financial sectors are the least 

affected by the September 11 terrorist attack. 

 

Except for the Aerospace, Gas and Oil and Telecommunication sectors, all other 

sectors exhibit a negative cumulative abnormal return over the following five days 

(see Table 4). Note that our approach is consistent with most studies as this 

methodology supports the hypothesis of negative sentiment after the September 11 

attack. The second column of Table 4 shows that the Life and Non-Life Insurance 

sector was the worst performing sector with CAR of -10.3% over the next five days 

(see Figure 1) though the t-statistic (see Table 4) implies that this is not statistically 

different from zero.  

 

The sectors that recorded statistically significant drop were Automobile (-8.9%) and 

Leisure Goods (-8.8%). Note that all these sectors also exhibit a negative abnormal 

return on the day following the attack. Figure 1 shows a positive five day CAR for 

Aerospace, Gas and Oil and Telecommunication sectors however the t-statistic in 

Table 4 (column 3) reveals that this is not statistically significant. It is noticeable from 

Figure 1 that the CAR is marginally higher than the event day AR for most industries, 

implying that the market continued to experience substantial declines over the 

following five days. These findings are consistent with Chen and Siems (2004) who 
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showed that cumulative abnormal return is around -6.81% six days after the event 

and -8.60% eleven days after the attack. However, this result is inconsistent with the 

Cam (2006) who found that the CAR over the following six days is lower than the 

abnormal return for US firms.  

 

As a robustness test, Table 5 shows the non-parametric results in in our discussion. 

The negative impact of the events of September 11 on Japanese industries was also 

detected by the non-parametric tests. The results in Table 5 show that all the 

industries have a negative non-parametric t-statistic. As an example, column 2 of 

Table 5 shows that the non-parametric t-statistic is -1.69 for the Equity and 

Non-Equity Investment industry. This reflects the negative abnormal returns identified 

earlier in the parametric tests. Generally speaking the results of the non-parametric 

tests supports the results observed in the parametric analysis. 

 

Based on the above discussion, it can be concluded that all the industries, except for 

Aerospace, Gas and Oil and General Financial sectors, were strongly negatively 

affected on the day following the September 11 attack. It is generally assumed that 

following a terrorist attack, returns of equities fall as a result of an increase in 

systematic risk.  

 

The next objective is to test whether the industries negatively affected by the events of 

September 11 experienced a general increase in their systematic risk. The 

multiplicative regression analysis (see Equation 12) attempts to test this hypothesis. 

Columns 2 to 4 of Table 6 report the results of the multiplicative dummy variable 

model (equation 12). A positive (negative) coefficient of the multiplicative dummy 

variable ( 2

Iβ ) reflects an increase (decrease) in systematic risk. The sign of the 
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coefficient ( 2

Iβ ) appears to be positive all of the industries discussed above. When 

the coefficient of the multiplicative dummy variable is statistically different from zero, it 

implies a significant statistical change in the systematic risk of the industry. The 

t-statistics results from column 4 of Table 6 show that systematic risk statistically 

increased in 16 sectors from the 31 sectors that recorded a statistical dropped in their 

abnormal returns. These were Automobile, Beverages, Chemicals, Construction, 

Electronic, Engineering, Food and Drug, General, Health Care, Leisure Goods, Life 

and Non-Life Insurance, Pharmaceutical, Retailer, Software, Support Service and 

Technology sectors.  

 

As an example, the systematic risk of Pharmaceuticals was 0.16 (see column 3 of 

Table 6) prior to the attack and increased by 1.73 (see column 4 of Table 6) after the 

attack. The systematic risk increased from 0.16 to 1.89 after the attack. The Wald test 

reveals that for this industry and for the industries listed above, that the dummy 

variable is not a redundant variable. The results of the Wald test are not reported in 

this paper though are available from the author upon request.  

 

Conversely, of the remaining 15 industries, ten industries show no statistical evidence 

of an increase in systematic risk and five industries reveal through the Wald Test that 

the dummy variable is a redundant variable. Another key finding of this study is that 

terrorist attacks do not always lead to an increase in systematic risk and that terrorist 

risk varies significantly across industries. These results are consistent with Drakos 

(2004) who finds evidence of an increase in the systematic risk of Nippon Airlines. 

The general observation of Drakos (2004) on the other hand is that systematic risk 

generally increased for all the major international airline companies. 
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In contrast, the additive dummy variable equation 13 shows the impact of September 

11 on the intercept of the CAPM. Once more we focus the industries stated in the 

previous paragraph. Columns 5 to 7 of Table 6 present the findings of the regression. 

As from Column 7, it can be observed that the intercept was statistically decreased all 

the sectors except for Aerospace and Gas and Oil. The empirical evidence on 

structural change in the systematic risk of these industries shows a strong evidence of 

an increase in systematic risk post September 11. 

 

Bali 

Among all the terrorist attacks studied in this paper, the Bali bombing is 

geographically the closest to Japan. This event occurred on Saturday 12th October 

2002 and the first day that the Japanese market traded after the attack was on the 

Saturday 12th October 2002. The results of the parametric test on sector returns for 

this day are shown in Table 3 (Columns 4 and 5).  

 

Interestingly, all the sectors show positive and insignificant results, that is Bali terrorist 

attack did not have any immediate effect of the Japanese equity valuations. The 

robustness test also support the claim of a positive effect and insignificant effect of the 

Bali bombings on the first day of trading in Japan. The third column of Table 5 shows 

the results on the non-parametric test on the various Japanese industries. Over the 5 

day trading period, there were approximately half of the 34 industries with significant 

cumulative abnormal cumulative returns recorded (see Table 4) for Bali bombing.  

 

Therefore is can be concluded that a week after the Bali attack, half of the sectors 

were positively affected while all other sectors were still insensitive to the event. Such 

findings support the initial hypothesis in this study that terrorist attacks do not always 
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impact negatively on stock markets. A decomposition of the market reveals that 

industries can either have a positive, negative or no impact following a terrorist attack.  

The regression analysis in Appendix 1.1 shows no evidence of a change in the 

systematic risk on these industries immediately after the attack. However there has 

been a positive structural change in the systematic risk as shown in see Appendix 2.1, 

that is, the level of systematic risk has increased over the long run in the region 

following Bali Bombings.   

 

Madrid 

The bombings in Madrid occurred on Thursday 11th March 2004. The Japanese 

industry reactions are examined both immediately, and five day following the event. 

The results of the parametric test immediately after the attacks and five day after the 

attacks are shown in columns 6 and 7 of Table 3 and Table 4 respectively. Based on 

the two parametric tests, very weak evidence of a negative impact on Japanese 

equities appears as a result of the Madrid bombings. However, five days later the 

Japanese market rebounded revealing a weak positive influence. The non-parametric 

test also detects a negative sentiment on the event day and supports the weak 

statistical significance.  

 

Of the five terrorist events that examined here, Madrid suffered the second highest 

injury and fatality rate, and yet the same strong negative results are not apparent. 

Similar to the Bali findings, no evidence of a change in systematic risk on the day of 

the attack (see Appendix 1.2) is found and few industries with a structural change in 

their systematic risk level (i.e. an increase in systematic risk- see Appendix 2.3) is 

observed. This produces another contribution to the literature as, at present, there 
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does not appear to be any published findings looking at the impact of Madrid 

bombings on the Japanese market. 

 

London and Mumbai 

On Thursday 7th July 2005, London was subject to terrorist attacks. Surprisingly 

enough, the Japanese stock market’s response to the attack was rather insignificant 

on both returns and systematic risk. The abonormal returns and cumulative abnormal 

returns are not statistically different from zero implying that Japanese industries were 

insensitive to the London attack. The non-parametric t-statistic also supports these 

findings. Once more, the London evidence shows that it is wrong to assume that 

terrorist attacks will impact negatively on stock markets. The empirical evidence 

provided in Appendix 1.3 and Appendix 2.4 shows no change in systematic risk in 

both the short run and long run. 

 

Mumbai’s terrorist attacks claimed 207 lives and injured 714 persons; the response 

from Japanese equity market was surprisingly equally marginal. The empirical testing 

of this event produce no response on the systematic risk (both long term and short 

term), no statistical effect on the day of the attack and a weak negative effect five days 

after the attack. 

  

IV. Conclusion 

Studying the impacts of the recent terrorist attacks on the Japanese industries, 

various market effects are identified here. The events of September 11 had the 

greatest effect on the Japanese market. The majority of the industries were down on 

the day of the event, and around 30% of the industries were still negatively affected 5 

days after the event. Approximately 80% of the industries studied showed an increase 
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in systematic risk following the September 11 attacks. The Bali and London bombings 

appeared to produce a weak negative impact on the Japanese industries. 

Interestingly, the lesson learnt from the Bali attacks was positive for Japan and this 

may be attributable to substitution effect. Using the Bali Bombing evidence, it can be 

argued that terrorist attacks do not always nurture negative sentiment in investors. 

Another interesting finding is that the Mumbai bombing had no effect on the Japanese 

market. The Mumbai evidence can be used to demonstrate that some capital markets 

can be insensitive to some terrorist attacks and hence investment safe-havens may  

exist after a terrorist attack. Japan has not been drastically affected by terrorist 

attacks post September 11 and it appears that each separate attack has a unique way 

of affecting the Japanese industries. 
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Table 1: Descriptive Statistics of daily Returns, for sectors in Japan from July 1999 to February 2007. 

  Return Mean Stdev Skewness 
Excess 

Kurt 
Min Max Range Count 

T-Test 
Statistic 

JB-Statistic 

Aerospace 0.0451% 0.00041 1.98 3.97 0.02% 0.12% 0.11% 6 2.73 5 

Automobiles 0.0146% 0.00063 -2.91 14.46 -0.35% 0.14% 0.49% 75 2.00 115 

Banks 0.0101% 0.00043 0.91 16.15 -0.16% 0.25% 0.41% 75 2.01 21 

Beverages -0.0469% 0.00157 -3.01 9.58 -0.53% 0.05% 0.58% 12 -1.03 22 

Chemical 0.0118% 0.00081 -4.52 28.38 -0.53% 0.17% 0.70% 75 1.26 289 

Construction 0.0037% 0.00046 0.23 2.06 -0.13% 0.15% 0.28% 73 0.69 1 

Electricity 0.0477% 0.00035 2.83 8.72 0.02% 0.15% 0.13% 12 4.75 19 

Electronics -0.0266% 0.00104 -2.50 7.88 -0.52% 0.11% 0.63% 75 -2.21 81 

Engineering 0.0070% 0.00150 -3.39 19.27 -0.81% 0.49% 1.30% 75 0.41 159 

Equity & Non-Equity Investment 0.0227% 0.00052 -0.60 2.53 -0.09% 0.13% 0.23% 16 1.76 1 

Food Product 0.0072% 0.00041 -1.70 6.75 -0.18% 0.11% 0.30% 75 1.53 38 

Food & Drug -0.0058% 0.00088 -1.97 5.64 -0.36% 0.17% 0.54% 75 -0.57 50 

Forest  0.0056% 0.00018 -0.35 0.89 -0.04% 0.05% 0.09% 24 1.51 1 

Gas 0.0158% 0.00033 -1.15 1.85 -0.07% 0.06% 0.14% 22 2.27 5 

Oil & Gas 0.0461% 0.00050 1.27 1.57 -0.01% 0.18% 0.19% 16 3.67 4 

General Industrial 0.0077% 0.00033 -0.52 1.52 -0.09% 0.07% 0.16% 33 1.33 2 

General Financial 0.0087% 0.00228 3.17 17.33 -0.48% 1.25% 1.74% 72 0.32 133 

Health Care -0.0062% 0.00090 -0.11 1.00 -0.24% 0.25% 0.48% 68 -0.57 0 

Household Goods -0.0084% 0.00090 -2.43 9.32 -0.47% 0.17% 0.64% 75 -0.81 77 

Industrial Transportation 0.0193% 0.00046 -1.40 3.68 -0.16% 0.10% 0.26% 74 3.64 25 

Leisure Goods -0.0452% 0.00163 -3.37 13.43 -0.90% 0.14% 1.04% 68 -2.29 136 

Life & Non-Life Insurance -0.1413% 0.00547 -3.17 10.24 -1.77% 0.08% 1.85% 11 -0.86 23 

Media -0.1228% 0.00247 -2.88 10.02 -1.35% 0.11% 7400.00% 74 -4.28 106 

Metal 0.0388% 0.00045 -0.50 2.68 -0.12% 0.15% 0.27% 74 7.45 3 
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Personal Goods 0.0167% 0.00046 0.71 2.94 -0.08% 0.20% 0.28% 74 3.10 7 

Pharmaceuticals -0.0037% 0.00092 -1.83 3.66 -0.34% 0.15% 0.49% 67 -0.32 38 

Real Estate 0.0506% 0.00137 -1.50 5.98 -0.58% 0.36% 0.93% 75 3.19 30 

Retailers -0.0253% 0.00111 -1.31 3.74 -0.45% 0.27% 0.71% 74 -1.96 22 

Software -0.1003% 0.00215 -2.30 6.78 -1.04% 0.32% 1.36% 72 -3.95 66 

Support Service -0.0756% 0.00206 -1.84 3.70 -0.83% 0.25% 1.08% 75 -3.17 43 

Technology -0.0413% 0.00189 -0.46 10.58 -0.84% 0.84% 1.68% 75 -1.89 7 

Telecommunication -0.0467% 0.00097 -1.11 0.86 -0.27% 0.08% 0.34% 14 -1.81 3 

Travel & Leisure -0.0410% 0.00175 -2.66 8.30 -0.84% 0.19% 1.03% 72 -1.98 88 

Others 0.0164% 0.00042 -0.63 -1.07 -0.05% 0.06% 0.11% 6 0.95 0 

ALL 0.0120% 0.00140 -3.11 33.42 -1.77% 1.25% 3.02% 1859 -3.70 90641 
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Table 2: The Five Major Terrorist Attacks and Their Consequences. 
 

Terrorist Attack Date Event 
Effective 

Date 
Injuries Fatalities 

September 11 - 
United States 

11/09/2001 

 
Four U.S. planes hijacked by terrorists crashed into the 
World Trade Center, the Pentagon and a field in 
Pennsylvania killing nearly 3,000 people in a matter of 
hours. 
 

12/09/2001 5,000 3,025 

Bali Bombing – 
Indonesia 

12/10/2002 

Two deadly explosions, one detonated by a suicide 
bomber and the other one carried out by a large van, 
ripped through two popular nightclubs, Sari Club and 
Padi’s Bar, in Kuta on the island of Bali killing 202 
people, most of them young Australians, and injured 
more than 300.  

12/10/2002 300 202 

Madrid - Spain 11/03/2004 

 
Deadly bombings which consisted of a series of 
coordinated bombings against the commuter train 
system left 191 dead and 1,824 injured in Madrid, 
Spain.  
 

12/03/2004 1,800 191 

London - United 
Kingdom 

7/07/2005 
At the peak of the rush hour, bombs were detonated in 
three crowded subway trains and aboard a London bus 
which killed at least 52 people with 700 injured.  

08/07/2005 700 55 

Mumbai - India 11/07/2006 

A series of seven bombs that took place over a period of 
11 minutes on the suburban railways in Mumbai with 
209 people losing their lives and over 700 injured in the 
attacks. 

11/07/2006 714 207 

 
Source: Adapted and adjusted from Cam (2006) and various media releases.
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Table 3: Abnormal Returns on Japanese Industry Indices Following Five Terrorist Attacks   
11-Sep Bali Madrid London Mumbai 

Industry AR T-Stat AR T-Stat AR T-Stat AR T-Stat AR T-Stat 

Aerospace 0.80% 0.55 0.10% 0.05 0.45% 0.33 -1.47% -1.37 -1.27% -0.70 

Automobile -6.10% -7.13 0.02% 0.03 -0.27% -0.37 -0.11% -0.19 -0.53% -0.52 

Banks -2.25% -2.67 0.05% 0.04 -1.68% -1.93 0.32% 0.45 -0.54% -0.39 

Beverages -6.20% -6.81 0.11% 0.15 -0.46% -0.78 -0.47% -0.86 -0.65% -0.88 

Chemicals -6.21% -6.99 0.05% 0.06 -0.38% -0.52 0.00% 0.00 -0.58% -0.54 

Construction -4.65% -6.24 0.16% 0.20 -0.09% -0.13 -0.23% -0.39 -0.59% -0.56 

Electricity -3.70% -3.91 0.07% 0.08 -0.49% -0.90 -0.13% -0.26 -0.77% -0.80 

Electronics -5.57% -4.56 0.09% 0.09 -0.32% -0.30 0.36% 0.52 -0.76% -0.61 

Engineering -6.42% -6.38 0.09% 0.10 -0.18% -0.21 -0.32% -0.48 -1.20% -0.89 

Equity & Non-Equity Investment -9.67% -6.01 0.06% 0.04 -1.15% -0.97 -0.02% -0.03 -0.32% -0.29 

Food Producers -3.48% -6.69 0.09% 0.19 0.16% 0.36 0.18% 0.42 -0.69% -1.04 

Food & Drug -3.39% -5.91 0.03% 0.06 -0.26% -0.63 -0.02% -0.05 -0.56% -0.75 

Forest -4.41% -4.76 0.05% 0.06 -0.80% -1.17 -0.23% -0.40 -0.25% -0.28 

Gas  -2.71% -3.47 0.19% 0.27 -0.71% -1.39 0.10% 0.22 -0.40% -0.51 

Gas and Oil  -1.27% -0.78 0.40% 0.31 -1.24% -1.19 -0.78% -0.77 -1.09% -0.75 

General Industrial -6.38% -6.48 0.07% 0.06 -0.46% -0.55 0.49% 0.72 -0.60% -0.56 

General Financial -6.00% -0.48 0.19% 0.15 -1.24% -0.82 0.11% 0.12 -0.95% -0.51 

Health Care -5.53% -6.01 0.11% 0.15 0.68% 0.91 0.38% 0.56 0.21% 0.21 

Household Goods -6.07% -8.37 0.05% 0.07 2.50% 0.37 -0.08% -0.15 -0.12% -0.11 

Industrial Transportation -4.24% -5.60 0.04% 0.06 -0.87% -1.26 -0.15% -0.23 -0.44% -0.47 

Leisure Goods -7.16% -5.81 0.07% 0.06 -0.55% -0.54 -0.37% -0.49 -1.19% -0.90 

Life & Non-Life Insurance -8.38% -5.97 0.10% 0.06 -2.77% -1.57 -0.26% -0.21 -0.98% -0.49 

Media -4.68% -3.39 0.18% 0.17 0.03% 0.02 -0.32% -0.37 -1.49% -0.88 

Metal -7.36% -6.49 0.12% 0.10 -0.84% -0.64 -0.10% -0.10 -1.67% -1.04 

Personal Goods -7.08% -7.69 0.10% 0.11 -0.24% -0.30 -0.43% -0.64 -0.63% -0.54 

Pharmaceuticals -6.88% -7.12 0.05% 0.06 -0.67% -0.98 0.06% 0.09 -0.67% -0.67 

Real Estate -8.72% -6.38 0.38% 0.35 0.89% 0.76 0.10% 0.11 -1.88% -1.21 

Retailers -4.91% -5.66 0.04% 0.05 -0.24% -0.36 0.06% 0.09 -0.64% -0.53 

Software -8.05% -4.33 0.26% 0.21 -0.08% -0.05 -1.10% -1.00 -2.57% -1.25 

Support Service -6.38% -6.26 0.16% 0.20 -0.67% -0.71 -0.48% -0.55 -0.99% -0.61 

Technology -7.92% -4.95 0.13% 0.10 -1.04% -0.83 -0.03% -0.04 -1.14% -0.77 

Telecommunication -6.56% -2.51 0.17% 0.08 -1.20% -0.52 -0.59% -0.38 -2.39% -1.11 

Travel & Leisure -3.90% -5.81 0.30% 0.53 -0.12% -0.21 0.03% 0.04 -0.42% -0.41 

Others -4.01% -2.46 0.27% 0.15 -2.04% -0.91 0.12% 0.08 -0.17% -0.08 

ALL -5.57% -6.82 0.11% 0.15 -0.42% -0.59 -0.10% -0.16 -0.85% -0.74 

 
This table presents abnormal returns and the parametric t-test results for 34 Japanese Industries after September 11, Bali, 
Madrid, London and Mumbai terrorist attacks.

395



 27 

Table 4: Cumulative Abnormal Returns on Japanese Industry Indices Following Five Terrorist Attacks 
 

11-Sep Bali Madrid London Mumbai 

Industry CAR5 T-Stat CAR5 T-Stat CAR5 T-Stat CAR5 T-Stat CAR5 T-Stat 

Aerospace 6.27% 2.09 4.24% 1.05 5.98% 1.55 -0.79% -0.31 -3.62% -0.88 

Automobile -8.96% -3.94 4.89% 2.20 0.07% 0.04 1.10% 0.76 -3.89% -1.47 

Banks -2.08% -1.14 3.00% 1.23 2.29% 1.11 -0.24% -0.15 -4.37% -1.28 

Beverages -3.86% -1.81 2.72% 1.57 1.45% 1.05 0.34% 0.25 -3.31% -2.08 

Chemicals -4.98% -2.10 2.97% 1.35 1.75% 0.83 0.49% 0.32 -4.50% -1.65 

Construction -3.58% -1.72 1.82% 0.89 4.65% 2.20 -0.44% -0.28 -4.61% -1.75 

Electricity -1.04% -0.52 1.31% 0.69 0.52% 0.43 0.04% 0.04 -4.20% -2.07 

Electronics -2.29% -0.72 5.34% 1.92 1.27% 0.42 2.72% 1.48 -5.51% -1.81 

Engineering -5.40% -2.08 4.11% 1.72 2.74% 1.11 0.59% 0.35 -5.32% -1.60 

Equity & Non-Equity Investment -2.71% -0.86 5.78% 1.26 1.43% 0.46 0.86% 0.55 -3.99% -1.53 

Food Producers -2.98% -2.32 2.86% 2.04 1.83% 1.57 0.70% 0.61 -2.46% -1.56 

Food & Drug -2.33% -1.51 0.80% 0.64 2.24% 2.24 0.98% 0.91 -2.41% -1.26 

Forest -3.12% -1.39 0.78% 0.37 0.90% 0.54 0.30% 0.21 -2.55% -1.22 

Gas  -2.65% -1.73 0.24% 0.15 1.75% 1.55 -0.15% -1.39 0.26% -1.35 

Gas and Oil 2.10% 0.53 5.56% 1.88 1.63% 0.71 -1.43% -0.56 0.26% 0.08 

General Industrial -4.12% -1.57 3.19% 1.25 1.44% 0.66 1.02% 0.57 -4.32% -1.66 

General Financial -4.74% -1.32 5.93% 1.77 4.88% 1.19 0.66% 0.30 -6.03% -1.38 

Health Care -1.85% -0.72 4.38% 1.98 1.25% 0.91 1.38% 0.79 -3.45% -1.36 

Household Goods -4.66% -2.36 2.81% 1.44 3.72% 2.02 0.20% 0.14 -3.02% -1.16 

Industrial Transportation -5.06% -2.51 2.00% 1.12 2.69% 1.39 0.58% 0.34 -3.69% -1.58 

Leisure Goods -8.84% -2.83 5.16% 1.78 0.20% 0.07 1.18% 0.64 -5.66% -1.74 

Life & Non-Life Insurance -10.31% -3.21 1.70% 0.48 4.17% 1.10 -0.13% -0.05 -7.36% -1.70 

Media -4.44% -1.19 6.20% 2.24 0.12% 0.03 1.56% 0.67 -5.65% -1.36 

Metal -5.16% -1.68 4.77% 1.26 2.26% 0.61 -0.34% -0.13 -5.66% -1.44 

Personal Goods -4.34% -1.83 3.58% 1.40 2.64% 1.07 1.24% 0.68 -4.33% -1.49 

Pharmaceuticals -3.36% -1.41 4.99% 2.30 -0.14% -0.08 0.89% 0.54 -2.89% -1.27 

Real Estate -6.16% -1.81 5.76% 1.85 3.32% 1.02 2.72% 1.09 -5.42% -1.46 

Retailers -4.25% -1.71 3.88% 2.09 3.27% 1.76 1.75% 0.97 -4.97% -1.63 

Software -6.99% -1.34 7.10% 1.99 1.06% 0.22 1.56% 0.53 -6.58% -1.29 

Support Service -6.00% -2.20 4.59% 1.79 0.08% 0.03 0.44% 0.19 -4.91% -1.21 

Technology -6.80% -1.62 6.61% 1.81 -0.27% -0.07 1.34% 0.65 -6.12% -1.64 

Telecommunication 3.85% 0.57 10.89% 2.21 -0.94% -0.16 3.39% 0.91 -6.53% -1.29 

Travel & Leisure -5.33% -3.13 2.51% 1.75 1.18% 0.72 1.12% 0.72 -3.63% -1.40 

Others -1.54% -0.41 5.13% 1.10 2.52% 0.49 -0.32% -0.09 -4.31% -0.90 

All -4.48% -2.03 3.94% 1.90 1.90% 0.91 0.87% 0.57 -4.46% -1.58 
 

This table presents five day cumulative abnormal returns and the parametric t-test results for 34 Japanese Industries after 
September 11, Bali, Madrid, London and Mumbai terrorist attacks
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This table presents the non-parametric t-test results for 34 Japanese Industries after September 11, Bali, Madrid, 

London and Mumbai terrorist attacks. 
 
 
 
 
 
 
 

Table 5: The Impact of Five Terrorist Attacks on Japanese Industry Indices- Non-Parametric Results 
 

Industry 11-Sep Bali Madrid London Mumbai 

Aerospace -0.74 0.57 -0.13 -1.07 -0.86 

Automobile -3.92 -0.14 -1.22 -0.52 -0.51 

Banks -2.22 0.02 -2.09 0.80 -0.20 

Beverages -3.89 0.50 -1.48 -0.65 -1.09 

Chemicals -3.98 0.30 -1.16 -0.06 -0.49 

Construction -4.31 0.24 -0.84 -0.01 -0.29 

Electricity -2.27 0.37 -0.97 -0.29 -0.89 

Electronics -3.20 0.16 -0.94 0.12 -0.89 

Engineering -4.12 0.56 -1.28 -0.34 -1.10 

Equity & Non-Equity Investment -1.69 -0.11 -1.64 -0.10 -0.57 

Food Producers -4.34 0.91 -0.55 0.82 -0.76 

Food & Drug -4.39 -0.24 -1.68 0.36 -0.47 

Forest -2.72 0.48 -1.82 -0.25 0.22 

Gas -3.02 0.51 -2.48 0.46 -0.59 

Gas and Oil -0.87 -0.08 -1.87 -1.42 -0.50 

General Industrial -4.06 -0.46 -1.10 0.68 -0.65 

General Financial -3.05 0.81 -1.48 0.22 -0.69 

Health Care -3.34 0.43 -1.35 -0.08 0.10 

Household Goods -4.21 0.01 -0.82 -0.20 -0.05 

Industrial Transportation -3.41 0.55 -1.87 0.55 -0.34 

Leisure Goods -3.64 0.21 -0.97 -1.09 -0.85 

Life & Non-Life Insurance -2.69 -0.20 -2.07 -0.36 -0.42 

Media -3.22 0.93 -1.24 -0.79 -0.89 

Metal -3.80 0.41 -1.38 -0.05 -1.01 

Personal Goods -4.75 0.59 -1.28 -0.68 -0.35 

Pharmaceuticals -4.51 0.21 -1.70 0.15 -0.15 

Real Estate -3.86 0.24 -0.47 -0.51 -1.76 

Retailers -4.48 0.40 -1.46 -0.22 -0.94 

Software -3.27 0.51 -0.94 -0.76 -1.41 

Support Service -4.06 1.10 -2.06 -0.87 -0.94 

Technology -3.46 0.19 -1.41 -0.51 -1.15 

Telecommunication -1.98 0.20 -1.09 -0.69 -1.55 

Travel & Leisure -4.60 0.36 -1.03 -0.71 -0.67 

Others -2.06 0.70 -2.12 0.45 -0.20 

ALL -4.41 0.40 -1.63 -0.24 -0.76 
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Table 6: The Impact of September 11 Attack on Japanese Industry Indices- Regression Analysis 

  
 
 

itftmtIftmtIIftIt Drrrrrr εββφ ~*]~~[]~~[~~ 21
+−+−+=−  

 

itIftmtIIftIt Drrrr εααϕ ~]~~[~~ 21
++−+=−  

 

Industry 

 
1

Iβ  
2

Iβ  

 

iφ  
1

Iα  
2

Iα  
 

Aerospace -0.05 0.08 -0.77 0.00 -0.05 0.08 0.22 0.00 

T-Statistics -31.27 1.17 -1.15 0.28 -31.27 1.17 1.15 0.28 

Automobile -0.05 0.15 1.48 0.00 -0.05 0.15 -0.04 0.00 

T-Statistics -41.84 3.13 3.02 0.00 -41.84 3.13 -3.02 0.00 

Banks -0.05 0.13 0.21 0.00 -0.05 0.13 -0.01 0.00 

T-Statistics -39.43 2.51 0.40 0.04 -39.43 2.51 -0.40 0.04 

Beverages -0.05 0.12 1.55 0.00 -0.05 0.12 -0.05 0.00 

T-Statistics -39.45 2.25 2.96 0.00 -39.45 2.25 -2.96 0.00 

Chemicals -0.05 0.15 1.51 0.00 -0.05 0.15 -0.05 0.00 

T-Statistics -40.53 2.91 2.97 0.00 -40.53 2.91 -2.97 0.00 

Construction -0.05 0.14 1.01 0.00 -0.05 0.14 -0.03 0.00 

T-Statistics -41.35 2.86 2.03 0.00 -41.35 2.86 -2.03 0.00 

Electricity -0.05 0.12 0.71 0.00 -0.05 0.12 -0.02 0.00 

T-Statistics -38.08 2.26 1.31 0.03 -38.08 2.26 -1.31 0.03 

Electronics -0.05 0.17 1.27 0.00 -0.05 0.17 -0.04 0.00 

T-Statistics -34.69 2.86 2.11 0.00 -34.69 2.86 -2.11 0.00 

Engineering  -0.05 0.14 1.58 0.00 -0.05 0.14 -0.05 0.00 

T-Statistics -37.97 2.52 2.89 0.00 -37.97 2.52 -2.89 0.00 

(E&N)
1
  Investment -0.05 0.20 2.65 0.00 -0.05 0.20 -0.08 0.00 

T-Statistics -29.76 2.89 3.91 0.00 -29.76 2.89 -3.91 0.00 

Food & Drug -0.05 0.14 1.58 0.00 -0.05 0.14 -0.05 0.00 

T-Statistics -37.97 2.52 2.89 0.00 -37.97 2.52 -2.89 0.00 

Food Products -0.05 0.16 0.62 0.00 -0.05 0.16 -0.02 0.00 

T-Statistics -44.74 3.50 1.36 0.00 -44.74 3.50 -1.36 0.00 

Forest -0.05 0.16 0.91 0.00 -0.05 0.16 -0.03 0.00 

T-Statistics -39.27 2.92 1.74 0.00 -39.27 2.92 -1.74 0.00 

Gas  -0.05 0.14 0.36 0.00 -0.05 0.14 -0.01 0.00 

T-Statistics -40.68 2.83 0.72 0.01 -40.68 2.83 -0.72 0.01 

Gas & Oil -0.05 0.14 -0.12 0.00 -0.05 0.14 0.00 0.00 

T-Statistics -30.87 2.16 -0.17 0.10 -30.87 2.16 0.17 0.10 

General Industrial -0.05 0.15 1.58 0.00 -0.05 0.15 -0.05 0.00 

T-Statistics -39.69 2.79 3.05 0.00 -39.69 2.79 -3.05 0.00 

General Finance -0.05 0.19 1.45 0.00 -0.05 0.19 -0.04 0.00 

T-Statistics -32.28 3.02 2.33 0.00 -32.28 3.02 -2.33 0.00 

Health Care -0.05 0.15 1.31 0.00 -0.05 0.15 -0.04 0.00 

T-Statistics -38.99 2.88 2.50 0.00 -38.99 2.88 -2.50 0.00 

Household Goods -0.05 0.16 1.48 0.00 -0.05 0.16 -0.04 0.00 

T-Statistics -42.00 3.25 3.05 0.00 -42.00 3.25 -3.05 0.00 

Industry Transportation -0.05 0.13 0.89 0.00 -0.05 0.13 -0.03 0.00 

T-Statistics -41.43 2.61 1.79 0.01 -41.43 2.61 -1.79 0.01 

Leisure Goods -0.05 0.15 1.84 0.00 -0.05 0.15 -0.06 0.00 

T-Statistics -35.54 2.55 3.18 0.00 -35.54 2.55 -3.18 0.00 

Life & Non-Life Insurance -0.05 0.11 2.28 0.00 -0.05 0.11 -0.07 0.00 

T-Statistics -33.43 1.81 3.72 0.00 -33.43 1.81 -3.72 0.00 

Media -0.05 0.20 1.00 0.00 -0.05 0.20 -0.03 0.00 

T-Statistics -31.38 3.16 1.57 0.00 -31.38 3.16 -1.57 0.00 

Metal -0.05 0.19 1.87 0.00 -0.05 0.19 -0.06 0.00 

T-Statistics -37.13 3.40 3.40 0.00 -37.13 3.40 -3.40 0.00 

Personal Goods -0.05 0.15 1.84 0.00 -0.05 0.15 -0.06 0.00 

T-Statistics -39.39 2.96 3.58 0.00 -39.39 2.96 -3.58 0.00 

Pharmaceuticals  -0.05 0.16 1.73 0.00 -0.05 0.16 -0.05 0.00 

021
== II ββ 021

== II ααiφ
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T-Statistics -38.67 2.95 3.26 0.00 -38.67 2.95 -3.26 0.00 

Real Estate -0.05 0.22 2.32 0.00 -0.05 0.22 -0.07 0.00 

T-Statistics -32.28 3.51 3.74 0.00 -32.28 3.51 -3.74 0.00 

Retailer -0.05 0.13 1.13 0.00 -0.05 0.13 -0.03 0.00 

T-Statistics -39.43 2.49 2.19 0.00 -39.43 2.49 -2.19 0.00 

Software -0.05 0.22 2.10 0.00 -0.05 0.22 -0.06 0.00 

T-Statistics -26.58 2.84 2.78 0.00 -26.58 2.84 -2.78 0.00 

Support Service -0.05 0.10 1.63 0.00 -0.05 0.10 -0.05 0.00 

T-Statistics -38.25 1.90 3.04 0.00 -38.25 1.90 -3.04 0.00 

Technology -0.05 0.15 2.08 0.00 -0.05 0.15 -0.06 0.00 

T-Statistics -30.32 2.18 3.04 0.00 -30.32 2.18 -3.04 0.00 

Telecommunication -0.05 0.21 1.63 0.00 -0.05 0.21 -0.05 0.00 

T-Statistics -20.65 2.15 1.69 0.02 -20.65 2.15 -1.69 0.02 

Travel & Leisure -0.05 0.13 0.89 0.00 -0.05 0.11 -0.02 0.00 

T-Statistics -41.43 2.61 1.79 0.02 -42.80 2.28 -1.61 0.02 

Others -0.05 0.17 0.79 0.00 -0.05 0.17 -0.02 0.00 

T-Statistics -29.62 2.42 1.15 0.02 -29.62 2.42 -1.15 0.02 

All -0.01 -0.02 -0.36 0.00 -0.01 -0.02 0.01 0.00 

T-Statistics -10.28 -0.30 -0.71 0.73 -10.28 -0.30 0.71 0.73 

         

         

 
This table presents the regression analysis results for 34 Japanese Industries after September 11 terrorist attack (see 
equation 12 & 13). The first multiplicative dummy variable equation illustrates the impact on systematic risk and the second 
additive dummy variable equation shows the impact on the intercept 
1
Equity and Non- Equity 
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Table 7: The Impact of September 11 Attack on Japanese Industry Indices- Regression Analysis 
 

  )(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−  

Industry 0β  
1β  2β  3β  Wald Test 

Aerospace -0.05 0.03 -0.19 0.03 0.00 

T-Statistics -32.74 0.44 -0.74 5.52 0.00 

Automobile -0.05 0.10 0.33 0.02 0.00 

T-Statistics -42.80 2.01 1.72 5.45 0.00 

Banks -0.05 0.07 0.22 0.03 0.00 

T-Statistics -42.31 1.31 1.11 6.67 0.00 

Beverages -0.05 0.06 0.32 0.03 0.00 

T-Statistics -41.48 1.06 1.64 6.39 0.00 

Chemicals -0.05 0.09 0.38 0.02 0.00 

T-Statistics -42.24 1.68 1.95 6.05 0.00 

Construction -0.05 0.08 0.30 0.02 0.00 

T-Statistics -44.14 1.61 1.64 6.74 0.00 

Electricity -0.05 0.08 -0.03 0.02 0.00 

T-Statistics -39.86 1.50 -0.15 5.84 0.00 

Electronics -0.05 0.11 0.20 0.03 0.00 

T-Statistics -36.31 1.87 0.89 5.81 0.00 

Engineering  -0.05 0.07 0.47 0.02 0.00 

T-Statistics -39.63 1.27 2.25 5.89 0.00 

(E&N)
1
Investment -0.05 0.10 0.91 0.03 0.00 

T-Statistics -31.23 1.41 3.49 5.56 0.00 

Food & Drug -0.05 0.07 0.47 0.02 0.00 

T-Statistics -39.63 1.27 2.25 5.89 0.00 

Food Products -0.05 0.11 0.13 0.02 0.00 

T-Statistics -47.43 2.51 0.79 6.54 0.00 

Forest -0.05 0.10 0.29 0.02 0.00 

T-Statistics -40.73 1.86 1.44 5.51 0.00 

Gas  -0.05 0.10 0.11 0.02 0.00 

T-Statistics -42.46 1.91 0.59 5.74 0.00 

Gas & Oil -0.05 0.08 0.35 0.02 0.00 

T-Statistics -31.60 1.15 1.37 4.38 0.00 

General Industrial -0.05 0.08 0.43 0.02 0.00 

T-Statistics -41.13 1.57 2.21 5.77 0.00 

General Finance -0.05 0.12 0.45 0.02 0.00 

T-Statistics -33.29 1.93 1.87 4.99 0.00 

Health Care -0.05 0.10 0.20 0.03 0.00 

T-Statistics -41.40 1.83 1.04 6.63 0.00 
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Household Goods -0.05 0.09 0.52 0.02 0.00 

T-Statistics -44.37 1.82 2.85 6.45 0.00 

Industry Transportation -0.05 0.07 0.40 0.02 0.00 

T-Statistics -43.71 1.33 2.15 6.15 0.00 

Leisure Goods -0.05 0.08 0.59 0.02 0.00 

T-Statistics -36.50 1.30 2.64 5.10 0.00 

Life & Non-Life Insurance -0.05 0.03 0.77 0.02 0.00 

T-Statistics -34.03 0.51 3.24 4.60 0.00 

Media -0.05 0.12 0.54 0.03 0.00 

T-Statistics -33.14 1.90 2.27 5.57 0.00 

Metal -0.05 0.11 0.69 0.03 0.00 

T-Statistics -39.17 1.90 3.33 6.12 0.00 

Personal Goods -0.05 0.08 0.52 0.02 0.00 

T-Statistics -41.11 1.60 2.69 6.14 0.00 

Pharmaceuticals -17.14 -2.10 12.02 0.58 0.00 

T-Statistics -40.98 -2.16 3.31 8.26 0.00 

Real Estate -0.05 0.15 0.60 0.02 0.00 

T-Statistics -32.58 2.34 2.46 4.51 0.00 

Retailer -0.05 0.07 0.30 0.02 0.00 

T-Statistics -41.17 1.38 1.56 5.88 0.00 

Software -0.05 0.13 0.64 0.03 0.00 

T-Statistics -27.41 1.72 2.19 4.62 0.00 

Support Service -0.05 0.04 0.39 0.02 0.00 

T-Statistics -39.01 0.82 1.89 5.14 0.00 

Technology -0.05 0.07 0.55 0.03 0.00 

T-Statistics -31.23 1.06 2.10 5.00 0.00 

Telecommunication -0.05 0.11 0.69 0.03 0.00 

T-Statistics -21.46 1.14 1.87 4.11 0.00 

Travel & Leisure -0.05 0.05 0.33 0.02 0.00 

T-Statistics -44.64 1.10 1.80 5.79 0.00 

Others -0.05 0.09 0.52 0.03 0.00 

T-Statistics -31.01 1.25 2.00 5.10 0.00 

All -0.01 -0.05 0.14 0.01 0.00 

T-Statistics -10.78 -0.94 0.71 2.99 0.03 
 

This table presents the regression analysis results for 34 Japanese Industries after September 11 terrorist attack. The first 
multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive dummy variable 
equation shows the impact on the intercept (see equation 12). 
1
Equity and Non- Equity 
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Figure 1: AR and CAR5 on Japanese Industry Indices 

Following September 11 
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Appendix 1.1: Regression Analysis (Bali)  

Table 8: The Impact of Bali Attack on Japanese Industry Indices- Regression Analysis  
  

itftmtIftmtIIftIt Drrrrrr εββφ ~*]~~[]~~[~~ 21
+−+−+=−  

 
itIftmtIIftIt Drrrr εααϕ ~]~~[~~ 21

++−+=−  

Industry iφ  1

Iβ  
2

Iβ  021
≡≡ II ββ  iφ  1

Iα  
2

Iα  

021
≡≡ II αα   

Aerospace 

 
-0.01 

 
0.10 

 
2.41 0.00 -0.01 0.10 

 
-0.02 0.00 

T-Statistics -7.75 1.28 1.54 0.13 -7.75 1.28 -1.54 0.13 

Automobile -0.01 0.05 1.89 0.00 -0.01 0.05 -0.06 0.00 

T-Statistics -17.94 1.93 6.89 0.00 -17.94 1.93 -6.89 0.00 

Banks -0.01 0.08 -0.20 0.00 -0.01 0.08 0.00 0.00 

T-Statistics -11.06 1.49 -0.19 0.32 -11.06 1.49 0.19 0.32 

Beverages -0.01 -0.01 0.93 0.00 -0.01 -0.01 -0.01 0.00 

T-Statistics -16.91 -0.13 1.14 0.52 -16.91 -0.13 -1.14 0.52 

Chemicals -0.01 0.02 0.29 0.00 -0.01 0.02 0.00 0.00 

T-Statistics -13.69 0.53 0.32 0.82 -13.69 0.53 -0.32 0.82 

Construction -0.01 0.02 0.63 0.00 -0.01 0.02 0.00 0.00 

T-Statistics -14.30 0.41 0.73 0.70 -14.30 0.41 -0.73 0.70 

Electricity -0.01 0.07 0.48 0.00 -0.01 0.07 0.00 0.00 

T-Statistics -16.63 1.77 0.67 0.17 -16.63 1.77 -0.67 0.17 

Electronics -0.01 0.08 -0.26 0.00 -0.01 0.08 0.00 0.00 

T-Statistics -11.75 1.51 -0.25 0.31 -11.75 1.51 0.25 0.31 

Engineering  -0.01 -0.01 0.80 0.00 -0.01 -0.01 -0.01 0.00 

T-Statistics -12.62 -0.12 0.82 0.71 -12.62 -0.12 -0.82 0.71 

(E& N)
1
 Investment -0.01 0.07 0.31 0.00 -0.01 0.07 0.00 0.00 

T-Statistics -12.48 1.38 0.32 0.37 -12.48 1.38 -0.32 0.37 

Food & Drug -0.01 0.01 0.29 0.00 -0.01 0.01 0.00 0.00 

T-Statistics -22.23 0.44 0.48 0.81 -22.23 0.44 -0.48 0.81 

Food Products -0.01 0.02 -0.01 0.00 -0.01 0.02 0.00 0.00 

T-Statistics -20.23 0.70 -0.02 0.78 -20.23 0.70 0.02 0.78 

Forest -0.01 0.02 0.59 0.00 -0.01 0.02 0.00 0.00 

T-Statistics -15.23 0.43 0.69 0.72 -15.23 0.43 -0.69 0.72 

Gas  -0.01 0.11 1.39 0.00 -0.01 0.11 -0.01 0.00 

T-Statistics -7.96 1.45 0.93 0.22 -7.96 1.45 -0.93 0.22 

Gas & Oil -0.01 0.05 0.14 0.00 -0.01 0.05 0.00 0.00 

T-Statistics -18.26 1.59 0.20 0.28 -18.26 1.59 -0.20 0.28 

General Industrial -0.01 0.03 0.07 0.00 -0.01 0.03 0.00 0.00 

T-Statistics -10.36 0.52 0.06 0.87 -10.36 0.52 -0.06 0.87 

General Finance -0.01 0.01 -0.42 0.00 -0.01 0.01 0.00 0.00 

T-Statistics -12.67 0.19 -0.42 0.90 -12.67 0.19 0.42 0.90 

Health Care -0.01 0.00 -0.25 0.00 -0.01 0.00 0.00 0.00 
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T-Statistics -12.74 0.09 -0.25 0.96 -12.74 0.09 0.25 0.96 

Household Goods -0.01 0.01 0.41 0.00 -0.01 0.01 0.00 0.00 

T-Statistics -15.96 0.33 0.52 0.83 -15.96 0.33 -0.52 0.83 

Industry transportation -0.01 0.00 0.49 0.00 -0.01 0.00 0.00 0.00 

T-Statistics -13.91 -0.05 0.51 0.88 -13.91 -0.05 -0.51 0.88 

Leisure Goods -0.01 0.04 0.83 0.00 -0.01 0.04 -0.01 0.00 

T-Statistics -11.13 0.76 0.76 0.56 -11.13 0.76 -0.76 0.56 

(L& N)
2

 Insurance -0.01 0.09 0.54 0.00 -0.01 0.09 0.00 0.00 

T-Statistics -7.37 0.94 0.29 0.62 -7.37 0.94 -0.29 0.62 

Media -0.01 0.02 0.79 0.00 -0.01 0.02 -0.01 0.00 

T-Statistics -9.39 0.24 0.60 0.81 -9.39 0.24 -0.60 0.81 

Metal -0.01 0.05 0.43 0.00 -0.01 0.05 0.00 0.00 

T-Statistics -8.29 0.66 0.29 0.77 -8.29 0.66 -0.29 0.77 

Personal Goods -0.01 0.01 0.87 0.00 -0.01 0.01 -0.01 0.00 

T-Statistics -13.69 0.24 0.90 0.65 -13.69 0.24 -0.90 0.65 

Pharmaceuticals  -0.01 0.01 0.18 0.00 -0.01 0.01 0.00 0.00 

T-Statistics -13.39 0.18 0.19 0.97 -13.39 0.18 -0.19 0.97 

Real Estate -0.01 0.02 0.08 0.00 -0.01 0.02 0.00 0.00 

T-Statistics -10.01 0.26 0.06 0.96 -10.01 0.26 -0.06 0.96 

Retailer -0.01 -0.03 0.18 0.00 -0.01 -0.03 0.00 0.00 

T-Statistics -14.09 -0.58 0.19 0.83 -14.09 -0.58 -0.19 0.83 

Software -0.01 0.00 1.90 0.00 -0.01 0.00 -0.01 0.00 

T-Statistics -8.01 0.03 1.17 0.50 -8.01 0.03 -1.17 0.50 

Support Service -0.01 0.04 0.99 0.00 -0.01 0.04 -0.01 0.00 

T-Statistics -9.72 0.58 0.77 0.62 -9.72 0.58 -0.77 0.62 

Technology -0.01 0.03 0.31 0.00 -0.01 0.03 0.00 0.00 

T-Statistics -10.81 0.44 0.26 0.88 -10.81 0.44 -0.26 0.88 

Telecommunication -0.01 0.03 1.19 0.00 -0.01 0.03 -0.01 0.00 

T-Statistics -5.16 0.27 0.51 0.85 -5.16 0.27 -0.51 0.85 

Travel & Leisure -0.01 -0.02 0.19 0.00 -0.01 -0.02 0.00 0.00 

T-Statistics -16.45 -0.40 0.23 0.90 -16.45 -0.40 -0.23 0.90 

Others -0.01 0.13 0.06 0.00 -0.01 0.13 0.00 0.00 

T-Statistics -5.26 1.11 0.03 0.54 -5.26 1.11 -0.03 0.54 

All 0.00 0.34 0.60 0.00 0.00 0.34 0.00 0.00 

T-Statistics -1.02 1.48 0.13 0.33 -1.02 1.48 -0.13 0.33 
 

This table presents the regression analysis results for 34 Japanese Industries after Bali terrorist attack (see equation 12 & 

13). The first multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive 

dummy variable equation shows the impact on the intercept 

1
Equity and Non- Equity 

2
Life and Non- Life
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Appendix 1.2: Regression Analysis (Madrid) 

Table 9: The Impact of Madrid Attack on Japanese Industry Indices- Regression Analysis  
  

itftmtIftmtIIftIt Drrrrrr εββφ ~*]~~[]~~[~~ 21
+−+−+=−  

itIftmtIIftIt Drrrr εααϕ ~]~~[~~ 21
++−+=−  

Industry iφ  1

Iβ  
2

Iβ  021
≡≡ II ββ  iφ  1

Iα  
2

Iα  

021
≡≡ II αα   

Aerospace 

 
-0.00 

 
0.02 

 
-0.17 0.00 0.00 0.02 

 
0.00 0.00 

T-Statistics -1.47 0.35 -0.26 0.92 -1.47 0.35 0.26 0.92 

Automobile 0.00 0.03 0.12 0.00 0.00 0.03 0.00 0.00 

T-Statistics -4.31 0.93 0.36 0.59 -4.31 0.93 -0.36 0.59 

Banks 0.00 -0.01 0.79 0.00 0.00 -0.01 -0.02 0.00 

T-Statistics -3.92 -0.15 1.99 0.14 -3.92 -0.15 -1.99 0.14 

Beverages 0.00 0.02 0.23 0.00 0.00 0.02 -0.01 0.00 

T-Statistics -4.69 0.60 0.88 0.54 -4.69 0.60 -0.88 0.54 

Chemicals 0.00 0.01 0.20 0.00 0.00 0.01 0.00 0.00 

T-Statistics -3.73 0.41 0.59 0.75 -3.73 0.41 -0.59 0.75 

Construction 0.00 0.03 0.07 0.00 0.00 0.03 0.00 0.00 

T-Statistics -2.81 1.03 0.21 0.56 -2.81 1.03 -0.21 0.56 

Electricity 0.00 -0.03 0.26 0.00 0.00 -0.03 -0.01 0.00 

T-Statistics -7.49 -1.37 1.03 0.26 -7.49 -1.37 -1.03 0.26 

Electronics 0.00 0.04 0.17 0.00 0.00 0.04 0.00 0.00 

T-Statistics -1.57 0.94 0.36 0.58 -1.57 0.94 -0.36 0.58 

Engineering  0.00 0.00 0.14 0.00 0.00 0.00 0.00 0.00 

T-Statistics -2.20 0.08 0.36 0.93 -2.20 0.08 -0.36 0.93 

(E& N)
1
 Investment 0.00 -0.01 0.60 0.00 0.00 -0.01 -0.01 0.00 

T-Statistics -1.41 -0.11 1.10 0.54 -1.41 -0.11 -1.10 0.54 

Food & Drug 0.00 0.02 0.14 0.00 0.00 0.02 0.00 0.00 

T-Statistics -6.97 0.89 0.75 0.48 -6.97 0.89 -0.75 0.48 

Food Products 0.00 -0.01 -0.03 0.00 0.00 -0.01 0.00 0.00 

T-Statistics -6.63 -0.73 -0.12 0.75 -6.63 -0.73 0.12 0.75 

Forest 0.00 -0.01 0.41 0.00 0.00 -0.01 -0.01 0.00 

T-Statistics -4.16 -0.27 1.31 0.42 -4.16 -0.27 -1.31 0.42 

Gas  0.00 -0.02 0.35 0.00 0.00 -0.02 -0.01 0.00 

T-Statistics -6.98 -0.71 1.53 0.27 -6.98 -0.71 -1.53 0.27 

Gas & Oil 0.00 -0.06 0.65 0.00 0.00 -0.06 -0.01 0.00 

T-Statistics -2.98 -1.26 1.37 0.21 -2.98 -1.26 -1.37 0.21 

General Industrial 0.00 -0.02 0.28 0.00 0.00 -0.02 -0.01 0.00 

T-Statistics -2.79 -0.50 0.74 0.69 -2.79 -0.50 -0.74 0.69 

General Finance 0.00 0.01 0.67 0.00 0.00 0.01 -0.01 0.00 

T-Statistics -0.02 0.18 0.98 0.60 -0.02 0.18 -0.98 0.60 

Health Care 0.00 -0.03 -0.23 0.00 0.00 -0.03 0.01 0.00 
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T-Statistics -3.04 -0.79 -0.68 
0.55 

-3.04 -0.79 0.68 0.55 

Household Goods 0.00 0.02 -0.07 0.00 0.00 0.02 0.00 0.00 

T-Statistics -2.73 0.86 -0.24 0.68 -2.73 0.86 0.24 0.68 

Industry Transportation 0.00 -0.02 0.46 0.00 0.00 -0.02 -0.01 0.00 

T-Statistics -3.49 -0.60 1.48 0.30 -3.49 -0.60 -1.48 0.30 

Leisure Goods 0.00 0.02 0.29 0.00 0.00 0.02 -0.01 0.00 

T-Statistics -2.10 0.37 0.62 0.75 -2.10 0.37 -0.62 0.75 

(L & N)
2

 Insurance 0.00 -0.09 1.43 0.00 0.00 -0.09 -0.03 0.00 

T-Statistics -0.74 -1.13 1.78 0.13 -0.74 -1.13 -1.78 0.13 

Media 0.00 0.04 0.05 0.00 0.00 0.04 0.00 0.00 

T-Statistics -0.65 0.71 0.08 0.77 -0.65 0.71 -0.08 0.77 

Metal 0.00 0.01 0.44 0.00 0.00 0.01 -0.01 0.00 

T-Statistics -1.41 0.14 0.74 0.75 -1.41 0.14 -0.74 0.75 

Personal Goods 0.00 0.02 0.15 0.00 0.00 0.02 0.00 0.00 

T-Statistics -2.73 0.55 0.39 0.78 -2.73 0.55 -0.39 0.78 

Pharmaceuticals  0.00 0.00 0.33 0.00 0.00 0.00 -0.01 0.00 

T-Statistics -4.82 -0.01 1.05 0.57 -4.82 -0.01 -1.05 0.57 

Real Estate 0.00 0.02 -0.33 0.00 0.00 0.02 0.01 0.00 

T-Statistics -0.56 0.41 -0.62 0.78 -0.56 0.41 0.62 0.78 

Retailer 0.00 0.02 0.15 0.00 0.00 0.02 0.00 0.00 

T-Statistics -3.04 0.64 0.51 0.69 -3.04 0.64 -0.51 0.69 

Software 0.00 -0.01 0.16 0.00 0.00 -0.01 0.00 0.00 

T-Statistics 0.04 -0.12 0.23 0.97 0.04 -0.12 -0.23 0.97 

Support Service 0.00 0.02 0.37 0.00 0.00 0.02 -0.01 0.00 

T-Statistics -1.00 0.53 0.88 0.56 -1.00 0.53 -0.88 0.56 

Technology 0.00 0.03 0.51 0.00 0.00 0.03 -0.01 0.00 

T-Statistics -1.44 0.51 0.89 0.57 -1.44 0.51 -0.89 0.57 

Telecommunication 0.00 0.14 0.48 0.00 0.00 0.14 -0.01 0.00 

T-Statistics -0.55 1.44 0.46 0.30 -0.55 1.44 -0.46 0.30 

Travel & Leisure 0.00 0.01 0.10 0.00 0.00 0.01 0.00 0.00 

T-Statistics -3.76 0.28 0.39 0.88 -3.76 0.28 -0.39 0.88 

Others 0.00 0.01 0.99 0.00 0.00 0.01 -0.02 0.00 

T-Statistics -0.84 0.10 0.96 0.62 -0.84 0.10 -0.96 0.62 

All 0.00 -0.07 0.73 0.00 0.00 -0.07 -0.02 0.00 

T-Statistics -0.51 -0.31 0.30 0.92 -0.51 -0.31 -0.30 0.92 

         

         

 

This table presents the regression analysis results for 34 Japanese Industries after Madrid terrorist attack (see equation 12 

& 13). The first multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive 

dummy variable equation shows the impact on the intercept 

1
Equity and Non- Equity 

2
Life and Non- Life 
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Appendix 1.3: Regression Analysis (London)  

Table 10: The Impact of London Attack on Japanese Industry Indices- Regression Analysis  
  

itftmtIftmtIIftIt Drrrrrr εββφ ~*]~~[]~~[~~ 21
+−+−+=−

 
itIftmtIIftIt Drrrr εααϕ ~]~~[~~ 21

++−+=−  

 

Industry iφ  
1

Iβ  
2

Iβ  021
≡≡ II ββ  iφ  

1

Iα  
2

Iα  

021
≡≡ II αα   

Aerospace 

 
-0.01 

 
-0.10 

 
0.22 0.00 -0.01 -0.10 

 
0.01 0.00 

T-Statistics -5.05 -1.42 0.28 0.37 -5.05 -1.42 0.28 0.37 

Automobile 0.00 -0.06 0.08 0.00 0.00 -0.06 0.00 0.00 

T-Statistics -8.84 -1.81 0.25 0.20 -8.84 -1.81 0.25 0.20 

Banks 0.00 -0.02 0.05 0.00 0.00 -0.02 0.00 0.00 

T-Statistics -6.20 -0.39 0.11 0.92 -6.20 -0.39 0.11 0.92 

Beverages -0.01 -0.01 0.08 0.00 -0.01 -0.01 0.00 0.00 

T-Statistics -9.82 -0.18 0.26 0.96 -9.82 -0.18 0.26 0.96 

Chemicals -0.01 -0.05 0.10 0.00 -0.01 -0.05 0.00 0.00 

T-Statistics -9.29 -1.58 0.29 0.29 -9.29 -1.58 0.29 0.29 

Construction 0.00 0.02 0.06 0.00 0.00 0.02 0.00 0.00 

T-Statistics -8.60 0.55 0.17 0.83 -8.60 0.55 0.17 0.83 

Electricity -0.01 0.00 0.06 0.00 -0.01 0.00 0.00 0.00 

T-Statistics -9.56 0.08 0.18 0.98 -9.56 0.08 0.18 0.98 

Electronics 0.00 -0.03 0.09 0.00 0.00 -0.03 0.00 0.00 

T-Statistics -7.28 -0.87 0.22 0.68 -7.28 -0.87 0.22 0.68 

Engineering  -0.01 -0.02 0.26 0.00 -0.01 -0.02 0.01 0.00 

T-Statistics -17.04 -0.55 0.54 0.77 -17.04 -0.55 0.54 0.77 

(E&N)
1
 Investment -0.01 -0.09 0.24 0.00 -0.01 -0.09 0.01 0.00 

T-Statistics -7.23 -1.49 0.37 0.32 -7.23 -1.49 0.37 0.32 

Food & Drug -0.01 0.01 0.18 0.00 -0.01 0.01 0.00 0.00 

T-Statistics -26.64 0.38 0.60 0.75 -26.64 0.38 0.60 0.75 

Food Products -0.01 0.00 0.23 0.00 -0.01 0.00 0.00 0.00 

T-Statistics -26.58 -0.15 0.76 0.75 -26.58 -0.15 0.76 0.75 

Forest -0.01 -0.01 0.22 0.00 -0.01 -0.01 0.00 0.00 

T-Statistics -15.91 -0.17 0.43 0.91 -15.91 -0.17 0.43 0.91 

Gas  -0.01 0.05 0.28 0.00 -0.01 0.05 0.00 0.00 

T-Statistics -19.40 1.61 0.54 0.21 -19.40 1.61 0.54 0.21 

Gas & Oil -0.01 0.05 -0.22 0.00 -0.01 0.02 0.01 0.00 

T-Statistics -11.62 1.10 -1.06 0.38 -12.17 0.49 2.69 0.02 

General Industrial -0.01 0.08 0.17 0.00 -0.01 0.08 0.00 0.00 

T-Statistics -13.49 1.87 0.23 0.16 -13.49 1.87 0.23 0.06 

General Finance -0.01 0.03 0.35 0.00 -0.01 0.03 0.01 0.00 

T-Statistics -12.23 0.61 0.40 0.75 -12.23 0.61 0.40 0.75 

Health Care -0.01 0.06 -0.20 0.00 -0.01 0.06 0.01 0.00 
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T-Statistics -18.30 2.14 -0.72 0.09 -18.30 2.14 0.72 0.09 

Household Goods -0.01 0.04 -0.16 0.00 -0.01 0.04 0.00 0.00 

T-Statistics -19.07 1.64 -0.61 0.23 -19.07 1.64 0.61 0.23 

Industry Transportation -0.01 0.07 -0.18 0.00 -0.01 0.07 0.01 0.00 

T-Statistics -19.56 2.83 -0.71 0.02 -19.56 2.83 0.71 0.02 

Leisure Goods -0.01 0.08 -0.19 0.00 -0.01 0.08 0.01 0.00 

T-Statistics -12.62 1.97 -0.48 0.14 -12.62 1.97 0.48 0.14 

(L&N)
2

 Insurance -0.01 0.06 -0.17 0.00 -0.01 0.06 0.01 0.00 

T-Statistics -8.76 0.99 -0.31 0.06 -8.76 0.99 0.31 0.06 

Media -0.01 0.01 0.12 0.00 -0.01 0.01 0.00 0.00 

T-Statistics -8.04 0.29 0.27 0.92 -8.04 0.29 0.27 0.92 

Metal -0.01 0.06 -0.19 0.00 -0.01 0.06 0.01 0.00 

T-Statistics -11.22 1.36 -0.44 0.37 -11.22 1.36 0.44 0.37 

Personal Goods -0.01 0.07 -0.20 0.00 -0.01 0.07 0.01 0.00 

T-Statistics -15.83 2.20 -0.63 0.08 -15.83 2.20 0.63 0.08 

Pharmaceuticals  -0.01 0.09 -0.19 0.00 -0.01 0.09 0.01 0.00 

T-Statistics -16.12 3.07 -0.62 0.01 -16.12 3.07 0.62 0.01 

Real Estate -0.01 0.08 -0.31 0.00 -0.01 0.08 0.01 0.00 

T-Statistics -13.36 2.16 -0.81 0.08 -13.36 2.16 0.81 0.08 

Retailer -0.01 0.07 -0.16 0.00 -0.01 0.07 0.00 0.00 

T-Statistics -19.37 2.56 -0.64 0.04 -19.37 2.56 0.64 0.04 

Software -0.01 -0.04 0.23 0.00 -0.01 -0.04 0.01 0.00 

T-Statistics -7.76 -0.81 0.45 0.68 -7.76 -0.81 0.45 0.68 

Support Service -0.01 -0.02 0.13 0.00 -0.01 -0.02 0.00 0.00 

T-Statistics -9.64 -0.66 0.37 0.77 -9.64 -0.66 0.37 0.77 

Technology 0.00 -0.04 0.12 0.00 0.00 -0.04 0.00 0.00 

T-Statistics -6.07 -0.88 0.24 0.67 -6.07 -0.88 0.24 0.67 

Telecommunication 0.00 0.01 -0.25 0.00 -0.01 -0.01 0.01 0.00 

T-Statistics -3.47 0.16 -0.85 0.70 -3.73 -0.09 1.32 0.42 

Travel & Leisure -0.01 0.01 0.34 0.00 -0.01 0.01 0.01 0.00 

T-Statistics -24.80 0.30 1.02 0.55 -24.80 0.30 1.02 0.55 

Others -0.01 0.07 -0.29 0.00 -0.01 0.07 0.01 0.00 

T-Statistics -8.91 1.15 -0.47 0.47 -8.91 1.15 0.47 0.47 

All -0.01 -0.03 0.12 0.00 -0.01 -0.03 0.00 0.00 

T-Statistics -4.68 -0.39 0.18 0.92 -4.68 -0.39 0.18 0.92 

         
 

This table presents the regression analysis results for 34 Japanese Industries after London terrorist attack (see equation 

12 & 13). The first multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive 

dummy variable equation shows the impact on the intercept. 

1
Equity and Non- Equity 

2
Life and Non- Life 
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Appendix 1.4: Regression Analysis (Mumbai)  

Table 11: The Impact of Mumbai Attack on Japanese Industry Indices- Regression Analysis  
  

itftmtIftmtIIftIt Drrrrrr εββφ ~*]~~[]~~[~~ 21
+−+−+=−

 
itIftmtIIftIt Drrrr εααϕ ~]~~[~~ 21
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Industry iφ  
1

Iβ  
2

Iβ  021
≡≡ II ββ  iφ  

1

Iα  
2

Iα  

021
≡≡ II αα   

Aerospace 

 
-0.01 

 
-0.08 

 
0.82 0.00 -0.01 -0.08 

 
-0.01 0.00 

T-Statistics -8.52 -0.87 0.80 0.51 -8.52 -0.87 -0.80 0.51 

Automobile -0.01 -0.04 0.37 0.00 -0.01 -0.04 -0.01 0.00 

T-Statistics -14.87 -0.78 0.63 0.62 -14.87 -0.78 -0.63 0.62 

Banks -0.01 -0.09 0.47 0.00 -0.01 -0.09 -0.02 0.00 

T-Statistics -11.03 -1.24 1.18 0.27 -11.03 -1.24 -1.18 0.27 

Beverages -0.01 -0.01 0.47 0.00 -0.01 -0.01 -0.01 0.00 

T-Statistics -18.78 -0.31 1.12 0.51 -18.78 -0.31 -1.12 0.51 

Chemicals -0.01 -0.03 0.40 0.00 -0.01 -0.03 -0.01 0.00 

T-Statistics -13.97 -0.48 0.65 0.73 -13.97 -0.48 -0.65 0.73 

Construction -0.01 0.00 0.38 0.00 -0.01 0.00 -0.01 0.00 

T-Statistics -14.13 -0.05 0.63 0.82 -14.13 -0.05 -0.63 0.82 

Electricity -0.01 -0.03 0.53 0.00 -0.01 -0.03 -0.01 0.00 

T-Statistics -15.26 -0.74 0.96 0.49 -15.26 -0.74 -0.96 0.49 

Electronics -0.01 -0.01 0.51 0.00 -0.01 -0.01 -0.01 0.00 

T-Statistics -11.46 -0.09 0.70 0.78 -11.46 -0.09 -0.70 0.78 

Engineering  -0.01 -0.04 0.75 0.00 -0.01 -0.04 -0.01 0.00 

T-Statistics -11.46 -0.67 0.97 0.51 -11.46 -0.67 -0.97 0.51 

(E&N)
1
 Investment -0.01 -0.03 0.30 0.00 -0.01 -0.03 -0.01 0.00 

T-Statistics -12.73 -0.63 0.48 0.74 -12.73 -0.63 -0.48 0.74 

Food & Drug -0.01 0.00 0.38 0.00 -0.01 0.00 -0.01 0.00 

T-Statistics -19.42 -0.08 0.86 0.69 -19.42 -0.08 -0.86 0.69 

Food Products -0.01 0.01 0.46 0.00 -0.01 0.01 -0.01 0.00 

T-Statistics -20.98 0.22 1.20 0.47 -20.98 0.22 -1.20 0.47 

Forest -0.01 -0.04 0.25 0.00 -0.01 -0.04 0.00 0.00 

T-Statistics -16.23 -0.98 0.48 0.56 -16.23 -0.98 -0.48 0.56 

Gas  -0.01 0.00 0.30 0.00 -0.01 0.00 0.30 0.00 

T-Statistics -17.75 -0.09 1.29 0.44 -17.75 -0.09 1.29 0.44 

Gas & Oil -0.01 0.01 0.67 0.00 -0.01 0.01 -0.01 0.00 

T-Statistics -9.92 0.20 0.81 0.70 -9.92 0.20 -0.81 0.70 

General Industrial -0.01 0.01 0.40 0.00 -0.01 0.01 -0.01 0.00 

T-Statistics -13.65 0.10 0.64 0.81 -13.65 0.10 -0.64 0.81 

General Finance -0.01 -0.03 0.59 0.00 -0.01 -0.03 -0.01 0.00 

T-Statistics -8.31 -0.29 0.56 0.82 -8.31 -0.29 -0.56 0.82 
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Health Care -0.01 -0.01 -0.05 0.00 -0.01 -0.01 0.00 0.00 

T-Statistics -14.82 -0.22 -0.09 0.97 -14.82 -0.22 0.09 0.97 

Household Goods -0.01 -0.02 0.14 0.00 -0.01 -0.02 0.00 0.00 

T-Statistics -14.13 -0.33 0.24 0.92 -14.13 -0.33 -0.24 0.92 

Industry Transportation -0.01 -0.02 0.32 0.00 -0.01 -0.02 -0.01 0.00 

T-Statistics -15.80 -0.42 0.59 0.78 -15.80 -0.42 -0.59 0.78 

Leisure Goods -0.01 -0.02 0.75 0.00 -0.01 -0.02 -0.01 0.00 

T-Statistics -11.20 -0.32 0.99 0.59 -11.20 -0.32 -0.99 0.59 

(L&N)
2

 Insurance -0.01 0.04 0.63 0.00 -0.01 0.04 -0.01 0.00 

T-Statistics -6.73 0.41 0.56 0.78 -6.73 0.41 -0.56 0.78 

Media -0.01 -0.02 0.87 0.00 -0.01 -0.02 -0.02 0.00 

T-Statistics -9.25 -0.21 0.91 0.65 -9.25 -0.21 -0.91 0.65 

Metal -0.01 -0.02 0.99 0.00 -0.01 -0.02 -0.02 0.00 

T-Statistics -9.56 -0.30 1.09 0.53 -9.56 -0.30 -1.09 0.53 

Personal Goods -0.01 -0.04 0.42 0.00 -0.01 -0.04 -0.01 0.00 

T-Statistics -13.32 -0.68 0.62 0.66 -13.32 -0.68 -0.62 0.66 

Pharmaceuticals  -0.01 -0.01 0.47 0.00 -0.01 -0.01 -0.01 0.00 

T-Statistics -14.28 -0.29 0.82 0.69 -14.28 -0.29 -0.82 0.69 

Real Estate -0.01 -0.06 1.16 0.00 -0.01 -0.06 -0.02 0.00 

T-Statistics -9.68 -0.78 1.31 0.33 -9.68 -0.78 -1.31 0.33 

Retailer -0.01 -0.02 0.44 0.00 -0.01 -0.02 -0.01 0.00 

T-Statistics -11.82 -0.26 0.63 0.80 -11.82 -0.26 -0.63 0.80 

Software -0.01 -0.02 1.46 0.00 -0.01 -0.02 -0.03 0.00 

T-Statistics -7.81 -0.17 1.26 0.45 -7.81 -0.17 -1.26 0.45 

Support Service -0.01 -0.01 0.62 0.00 -0.01 -0.01 -0.01 0.00 

T-Statistics -9.24 -0.16 0.67 0.79 -9.24 -0.16 -0.67 0.79 

Technology -0.01 -0.02 0.71 0.00 -0.01 -0.02 -0.01 0.00 

T-Statistics -10.14 -0.21 0.84 0.69 -10.14 -0.21 -0.84 0.69 

Telecommunication -0.01 -0.05 1.32 0.00 -0.01 -0.05 -0.02 0.00 

T-Statistics -8.14 -0.44 1.10 0.51 -8.14 -0.44 -1.10 0.51 

Travel & Leisure -0.01 -0.02 0.32 0.00 -0.01 -0.02 -0.01 0.00 

T-Statistics -14.03 -0.30 0.55 0.83 -14.03 -0.30 -0.55 0.83 

Others -0.01 -0.07 0.21 0.00 -0.01 -0.07 0.00 0.00 

T-Statistics -7.39 -0.65 0.18 0.80 -7.39 -0.65 -0.18 0.80 

All -0.01 0.13 0.59 0.00 -0.01 0.13 -0.01 0.00 

T-Statistics -3.85 0.74 0.28 0.73 -3.85 0.74 -0.28 0.73 
 

This table presents the regression analysis results for 34 Japanese Industries after Mumbai terrorist attack (see equation 

12 & 13). The first multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive 

dummy variable equation shows the impact on the intercept. 

1
Equity and Non- Equity 

2
Life and Non- Life 
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Appendix 2.1: Regression Analysis September 11  

Table 16: The Impact of September 11 Attack on Japanese Industry Indices- Regression Analysis 
 

    )(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−  

Industry 0β  
1β  2β  3β  Wald Test 

Aerospace -0.01 -0.05 0.13 0.01 0.00 

T-Statistics -10.15 -0.88 2.07 5.16 0.00 

Automobile -0.01 0.02 0.08 0.01 0.00 

T-Statistics -16.51 0.66 2.15 8.12 0.00 

Banks -0.01 -0.01 0.09 0.01 0.00 

T-Statistics -14.11 -0.30 2.02 7.09 0.00 

Beverages -0.01 -0.02 0.12 0.01 0.00 

T-Statistics -19.14 -0.82 3.63 9.91 0.00 

Chemicals -0.01 0.01 0.09 0.01 0.00 

T-Statistics -16.74 0.21 2.50 8.59 0.00 

Construction -0.01 0.00 0.11 0.01 0.00 

T-Statistics -16.96 -0.01 2.88 8.62 0.00 

Electricity -0.01 0.00 0.08 0.01 0.00 

T-Statistics -17.65 0.05 2.39 8.58 0.00 

Electronics -0.01 0.03 0.08 0.01 0.00 

T-Statistics -14.20 0.83 1.81 7.80 0.00 

Engineering  -0.01 -0.01 0.10 0.01 0.00 

T-Statistics -15.22 -0.23 2.27 8.03 0.00 

(E&N)
1
 Investment -0.01 0.02 0.09 0.01 0.00 

T-Statistics -12.04 0.41 1.73 5.93 0.00 

Food & Drug -0.01 0.03 0.06 0.01 0.00 

T-Statistics -21.04 1.22 2.26 9.57 0.00 

Food Products -0.01 0.03 0.05 0.01 0.00 

T-Statistics -22.38 1.45 1.83 10.41 0.00 

Forest -0.01 0.02 0.06 0.01 0.00 

T-Statistics -17.00 0.61 1.57 8.30 0.00 

Gas  -0.01 0.02 0.07 0.01 0.00 

T-Statistics -19.72 0.64 2.29 9.44 0.00 

Gas & Oil -0.01 0.00 0.10 0.01 0.00 

T-Statistics -11.24 -0.03 1.80 5.42 0.00 

General Industrial -0.01 0.00 0.09 0.01 0.00 

T-Statistics -14.89 0.08 2.25 7.38 0.00 

General Finance -0.01 0.04 0.06 0.01 0.00 

T-Statistics -9.32 0.80 0.99 4.32 0.00 

Health Care -0.01 0.02 0.07 0.01 0.00 

T-Statistics -15.67 0.47 1.68 7.61 0.00 

Household Goods -0.01 0.01 0.09 0.01 0.00 

T-Statistics -17.27 0.29 2.56 8.45 0.00 

Industry Transportation -0.01 -0.01 0.09 0.01 0.00 

T-Statistics -17.80 -0.46 2.73 8.65 0.00 

Leisure Goods -0.01 0.00 0.10 0.01 0.00 

T-Statistics -13.15 -0.05 2.07 6.76 0.00 

Life & Non-Life Insurance -0.01 -0.05 0.15 0.01 0.00 

T-Statistics -9.22 -0.79 2.17 4.68 0.00 

Media -0.01 0.04 0.06 0.01 0.00 

T-Statistics -10.54 0.88 1.09 5.08 0.00 

Metal -0.01 0.03 0.08 0.01 0.00 

T-Statistics -11.39 0.53 1.48 5.89 0.00 
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Personal Goods -0.01 0.00 0.10 0.01 0.00 

T-Statistics -14.38 0.10 2.40 6.78 0.00 

Pharmaceuticals  -0.01 0.01 0.08 0.01 0.00 

T-Statistics -17.21 0.17 2.23 8.83 0.00 

Real Estate -0.01 0.07 0.01 0.01 0.00 

T-Statistics -10.32 1.50 0.25 4.77 0.00 

Retailer -0.01 -0.01 0.10 0.01 0.00 

T-Statistics -15.36 -0.23 2.52 7.26 0.00 

Software -0.01 0.05 0.05 0.01 0.00 

T-Statistics -8.88 0.93 0.70 4.37 0.00 

Support Service -0.01 -0.03 0.13 0.01 0.00 

T-Statistics -12.66 -0.81 2.70 6.37 0.00 

Technology -0.01 0.00 0.12 0.01 0.00 

T-Statistics -11.96 -0.10 2.09 6.54 0.00 

Telecommunication -0.01 0.03 0.09 0.01 0.00 

T-Statistics -6.74 0.44 1.06 3.42 0.00 

Travel & Leisure -0.01 -0.03 0.12 0.01 0.00 

T-Statistics -18.81 -0.90 3.53 9.33 0.00 

Others -0.01 0.01 0.12 0.01 0.00 

T-Statistics -7.93 0.11 1.56 4.03 0.00 

All -0.01 -0.05 0.13 0.01 0.00 

T-Statistics -10.15 -0.88 2.07 5.16 0.00 

     0.00 
 

This table presents the regression analysis results for 34 Japanese Industries after September 11 terrorist attack. The first 
multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive dummy variable 
equation shows the impact on the intercept (see equation 14). 
1
Equity and Non- Equity 
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Appendix 2.2: Regression Analysis (Bali)  

Table 17: The Impact of Bali Attack on Japanese Industry Indices- Regression Analysis 
 

           )(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−  

Industry 0β  
1β  2β  3β  Wald Test 

Aerospace -0.01 -0.02 0.15 0.00 0.00 

T-Statistics -5.61 -0.35 2.06 0.01 0.01 

Automobile 0.00 -0.03 0.13 0.00 0.00 

T-Statistics -6.21 -0.61 2.50 -1.71 0.00 

Banks 0.00 -0.03 0.13 0.00 0.00 

T-Statistics -6.21 -0.61 2.50 -1.71 0.00 

Beverages -0.01 -0.01 0.13 0.00 0.00 

T-Statistics -9.82 -0.43 3.65 -1.28 0.00 

Chemicals 0.00 0.00 0.13 0.00 0.00 

T-Statistics -7.73 -0.10 3.03 -1.69 0.00 

Construction 0.00 0.00 0.14 0.00 0.00 

T-Statistics 0.00 0.91 0.00 0.05 0.00 

Electricity -0.01 0.01 0.09 0.00 0.00 

T-Statistics -10.54 0.21 2.59 -0.92 0.00 

Electronics 0.00 0.00 0.14 0.00 0.00 

T-Statistics -6.14 0.11 2.70 -1.43 0.00 

Engineering  -0.01 -0.02 0.13 0.00 0.00 

T-Statistics -7.04 -0.47 2.76 -1.20 0.00 

(E&N)
1
 Investment -0.01 0.00 0.11 0.00 0.00 

T-Statistics -8.86 0.08 2.06 1.28 0.00 

Food & Drug 0.00 0.00 0.11 0.00 0.00 

T-Statistics -10.42 0.17 3.63 -3.02 0.00 

Food Products 0.00 -0.01 0.12 0.00 0.00 

T-Statistics -11.25 -0.51 4.17 -2.50 0.00 

Forest -0.01 -0.04 0.14 0.00 0.00 

T-Statistics -8.68 -1.13 3.53 -1.62 0.00 

Gas  -0.01 -0.01 0.13 0.00 0.00 

T-Statistics -10.31 -0.48 3.97 -1.84 0.00 

Gas & Oil -0.01 -0.01 0.13 0.00 0.00 

T-Statistics -6.21 -0.21 2.29 -0.74 0.00 

General Industrial -0.01 -0.02 0.14 0.00 0.00 

T-Statistics -7.81 -0.48 3.02 -0.87 0.00 

General Finance -0.01 -0.03 0.17 0.00 0.00 

T-Statistics -5.51 -0.55 2.40 -0.14 0.00 

Health Care -0.01 -0.03 0.14 0.00 0.00 

T-Statistics -8.40 -0.70 3.30 -0.97 0.00 

Household Goods 0.00 -0.01 0.14 0.00 0.00 

T-Statistics -8.31 -0.40 3.51 -1.73 0.00 

Industry Transportation -0.01 -0.02 0.12 0.00 0.00 

T-Statistics -8.99 -0.58 3.13 -1.54 0.00 

Leisure Goods -0.01 -0.02 0.14 0.00 0.00 

T-Statistics -6.51 -0.37 2.58 -0.99 0.00 

Life & Non-Life Insurance 0.00 -0.04 0.16 0.00 0.00 

T-Statistics -3.97 -0.63 2.01 -1.20 0.01 

Media -0.01 -0.01 0.13 0.00 0.00 

T-Statistics -6.57 -0.10 2.20 0.11 0.00 

Metal -0.01 -0.03 0.16 0.00 0.00 

T-Statistics -5.42 -0.48 2.49 -0.73 0.00 
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Personal Goods -0.01 -0.01 0.14 0.00 0.00 

T-Statistics -7.89 -0.30 2.97 -0.85 0.00 

Pharmaceuticals -0.01 -0.02 0.12 0.00 0.00 

T-Statistics -8.31 -0.43 3.00 -1.67 0.00 

Real Estate -0.01 0.00 0.10 0.00 0.00 

T-Statistics -6.12 0.02 1.58 -0.39 0.01 

Retailer 0.00 0.00 0.11 0.00 0.00 

T-Statistics -7.33 0.09 2.45 -2.12 0.00 

Software -0.01 0.01 0.11 0.00 0.00 

T-Statistics -5.74 0.23 1.50 0.38 0.01 

Support Service -0.01 0.00 0.12 0.00 0.00 

T-Statistics -6.59 0.02 2.16 -0.45 0.00 

Technology 0.00 -0.01 0.15 0.00 0.00 

T-Statistics -5.54 -0.18 2.47 -1.04 0.00 

Telecommunication -0.01 -0.01 0.17 0.00 0.00 

T-Statistics -3.71 -0.14 1.85 -0.53 0.00 

Travel & Leisure -0.01 0.01 0.11 0.00 0.00 

T-Statistics -8.80 0.23 2.73 -1.81 0.00 

Others -0.01 0.02 0.13 0.00 0.00 

T-Statistics -4.75 0.32 1.42 0.44 0.01 

All -0.01 -0.02 0.15 0.00 0.00 

T-Statistics -5.61 -0.35 2.06 0.01 0.01 
 

This table presents the regression analysis results for 34 Japanese Industries after the Bali terrorist attack. The first 
multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive dummy 
variable equation shows the impact on the intercept (see equation 14). 
1
Equity and Non- Equity 
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Appendix 2.3: Regression Analysis (Madrid) 

Table 18: The Impact of Madrid Attack on Japanese Industry Indices- Regression Analysis 
 

          )(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−  

Industry 0β  
1β  2β  3β  Wald Test 

Aerospace 0.00 0.02 0.08 -0.01 0.00 

T-Statistics -1.58 0.27 1.05 -6.20 0.00 

Automobile 0.00 0.03 0.05 -0.01 0.00 

T-Statistics -3.62 0.81 1.03 -9.41 0.00
 

Banks 0.00 0.00 0.08 -0.01 0.00 

T-Statistics -3.12 -0.03 1.26 -6.95 0.00 

Beverages 0.00 0.01 0.07 -0.01 0.00 

T-Statistics -4.02 0.43 1.88 -11.63 0.00 

Chemicals 0.00 0.01 0.09 -0.01 0.00 

T-Statistics -3.30 0.31 1.78 -9.09 0.00 

Construction 0.00 0.02 0.09 -0.01 0.00 

T-Statistics -2.65 0.43 1.95 -9.92 0.00 

Electricity 0.00 -0.04 0.11 -0.01 0.00 

T-Statistics -5.20 -1.00 2.70 -9.01 0.00 

Electronics 0.00 0.04 0.07 -0.01 0.00 

T-Statistics -1.68 0.88 1.10 -8.36 0.00 

Engineering  0.00 0.00 0.08 -0.01 0.00 

T-Statistics -2.07 0.05 1.38 -8.61 0.00 

(E&N)
1
 Investment 0.00 0.00 0.10 -0.01 0.00 

T-Statistics -1.63 -0.03 1.68 -8.89 0.00 

Food & Drug 0.00 0.01 0.08 -0.01 0.00 

T-Statistics -4.61 0.36 2.24 -12.58 0.00 

Food Products 0.00 -0.01 0.11 -0.01 0.00 

T-Statistics -4.85 -0.54 3.27 -13.37 0.00 

Forest 0.00 0.00 0.07 -0.01 0.00 

T-Statistics -3.73 -0.02 1.55 -10.59 0.00 

Gas  0.00 -0.02 0.13 -0.01 0.00 

T-Statistics -5.69 -0.71 3.54 -10.57 0.00 

Gas & Oil 0.00 -0.06 0.20 -0.01 0.00 

T-Statistics -2.75 -1.16 2.96 -6.21 0.00 

General Industrial 0.00 -0.02 0.12 -0.01 0.00 

T-Statistics -2.62 -0.47 2.29 -9.20 0.00 

General Finance 0.00 0.00 0.08 -0.01 0.00 

T-Statistics -0.21 0.01 0.98 -7.14 0.00 

Health care 0.00 -0.02 0.11 -0.01 0.00 

T-Statistics -2.88 -0.50 2.15 -9.02 0.00 

Household Goods 0.00 0.01 0.09 -0.01 0.00 

T-Statistics -2.51 0.38 1.83 -10.35 0.00 

Industry Transportation 0.00 -0.03 0.12 -0.01 0.00 

T-Statistics -3.15 -0.86 2.58 -10.49 0.00 

Leisure Goods 0.00 0.02 0.07 -0.01 0.00 

T-Statistics -2.04 0.43 1.19 -7.85 0.00 

Life & Non-Life Insurance 0.00 -0.08 0.20 -0.01 0.00 

T-Statistics -0.94 -1.07 2.14 -5.40 0.00 

Media 0.00 0.04 0.03 -0.01 0.00 

T-Statistics -0.77 0.72 0.35 -7.43 0.00 

Metal 0.00 0.01 0.09 -0.01 0.00 

T-Statistics -1.65 0.19 1.20 -6.38 0.00 
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Personal Goods 0.00 0.02 0.08 -0.01 0.00 

T-Statistics -2.69 0.36 1.42 -8.88 0.00 

Pharmaceuticals  0.00 -0.01 0.10 -0.01 0.00 

T-Statistics -3.89 -0.18 2.06 -9.13 0.00 

Real Estate 0.00 0.01 0.03 -0.01 0.00 

T-Statistics -0.61 0.14 0.35 -7.73 0.00 

Retailer 0.00 0.00 0.08 -0.01 0.00 

T-Statistics -2.42 0.06 1.43 -9.38 0.00 

Software 0.00 -0.01 0.08 -0.01 0.00 

T-Statistics -0.36 -0.13 0.89 -6.33 0.00 

Support Service 0.00 0.02 0.06 -0.01 0.00 

T-Statistics -1.04 0.34 0.90 -7.55 0.00 

Technology 0.00 0.03 0.06 -0.01 0.00 

T-Statistics -1.54 0.58 0.81 -7.37 0.00 

Telecommunication 0.00 0.15 -0.07 -0.01 0.00 

T-Statistics -0.65 1.63 -0.64 -5.17 0.00 

Travel & Leisure 0.00 0.00 0.08 -0.01 0.00 

T-Statistics -2.85 -0.01 1.83 -10.59 0.00 

Others 0.00 0.02 0.07 -0.01 0.00 

T-Statistics -1.26 0.21 0.68 -4.53 0.00 

All 0.00 -0.05 0.30 -0.01 0.00 

T-Statistics -0.74 -0.26 1.40 -1.66 0.01 

      

 
This table presents the regression analysis results for 34 Japanese Industries after Madrid terrorist attack. The first 
multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive dummy 
variable equation shows the impact on the intercept (see equation 14). 
1
Equity and Non- Equity 
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Appendix 2.4: Regression Analysis (London)  

Table 19: The Impact of London Attack on Japanese Industry Indices- Regression Analysis 
 

          )(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−  

Industry     0β  
1β  2β  3β  Wald Test 

Aerospace -0.01 0.08 -0.09 -0.01 0.00 

T-Statistics -5.68 0.75 -0.72 -4.59 0.00 

Automobile -0.01 0.02 -0.02 -0.01 0.00 

T-Statistics -9.90 0.27 -0.31 -7.60 0.00 

Banks -0.01 0.09 -0.11 -0.01 0.00 

T-Statistics -6.73 1.00 -1.13 -6.01 0.00 

Beverages -0.01 0.00 0.01 -0.01 0.00 

T-Statistics -13.71 -0.06 0.11 -7.95 0.00 

Chemicals -0.01 0.04 -0.03 -0.01 0.00 

T-Statistics -9.18 0.53 -0.34 -7.07 0.00 

Construction -0.01 0.02 -0.01 -0.01 0.00 

T-Statistics -9.53 0.33 -0.08 -7.32 0.00 

Electricity -0.01 0.08 -0.10 -0.01 0.00 

T-Statistics -9.55 1.23 -1.47 -7.82 0.00 

Electronics -0.01 0.09 -0.06 -0.01 0.00 

T-Statistics -7.79 1.09 -0.71 -5.92 0.00 

Engineering  -0.01 0.00 0.00 -0.01 0.00 

T-Statistics -7.77 -0.03 0.01 -6.00 0.00 

(E&N)
1
 Investment -0.01 0.07 -0.06 -0.01 0.00 

T-Statistics -8.69 0.97 -0.79 -6.54 0.00 

Food & Drug -0.01 0.01 -0.01 -0.01 0.00 

T-Statistics -14.30 0.29 -0.22 -9.68 0.00 

Food Products -0.01 0.03 -0.01 -0.01 0.00 

T-Statistics -14.99 0.60 -0.22 -9.99 0.00 

Forest -0.01 0.03 -0.05 -0.01 0.00 

T-Statistics -11.36 0.46 -0.80 -7.73 0.00 

Gas  -0.01 0.07 -0.06 -0.01 0.00 

T-Statistics -12.22 1.37 -1.08 -9.68 0.00 

Gas & Oil -0.01 0.14 -0.10 -0.01 0.00 

T-Statistics -6.14 1.44 -0.99 -5.16 0.00 

General Industrial -0.01 0.01 0.00 -0.01 0.00 

T-Statistics -9.28 0.19 0.01 -6.82 0.00 

General Finance -0.01 0.04 -0.05 -0.01 0.00 

T-Statistics -5.84 0.33 -0.39 -4.12 0.00 

Health Care -0.01 0.01 0.00 -0.01 0.00 

T-Statistics -9.70 0.22 0.00 -7.03 0.00 

Household Goods -0.01 0.02 -0.01 -0.01 0.00 

T-Statistics -9.99 0.34 -0.16 -7.44 0.00 

Industry Transportation -0.01 0.00 -0.01 -0.01 0.00 

T-Statistics -10.87 0.07 -0.15 -7.23 0.00 

Leisure Goods -0.01 0.06 -0.05 -0.01 0.00 

T-Statistics -7.40 0.68 -0.53 -5.69 0.00 

Life & Non-Life Insurance -0.01 0.12 -0.09 -0.01 0.00 

T-Statistics -5.09 0.91 -0.66 -3.28 0.00 

Media -0.01 0.02 -0.04 -0.01 0.00 

T-Statistics -5.87 0.19 -0.33 -4.94 0.00 

Metal -0.01 0.06 -0.06 -0.01 0.00 
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T-Statistics -6.20 0.61 -0.49 -4.60 0.00 

Personal Goods -0.01 0.02 -0.02 -0.01 0.00 

T-Statistics -9.37 0.22 -0.25 -6.25 0.00 

Pharmaceuticals -0.01 0.01 0.00 -0.01 0.00 

T-Statistics -9.89 0.17 -0.06 -6.60 0.00 

Real Estate -0.01 0.02 -0.06 -0.01 0.00 

T-Statistics -7.09 0.17 -0.52 -4.47 0.00 

Retailer -0.01 -0.02 0.02 -0.01 0.00 

T-Statistics -9.11 -0.32 0.25 -5.79 0.00 

Software -0.01 0.00 -0.02 -0.01 0.00 

T-Statistics -5.20 -0.03 -0.14 -4.02 0.00 

Support Service -0.01 0.04 -0.05 -0.01 0.00 

T-Statistics -6.30 0.43 -0.45 -4.76 0.00 

Technology -0.01 0.03 -0.02 -0.01 0.00 

T-Statistics -7.18 0.29 -0.22 -4.88 0.00 

Telecommunication -0.01 0.02 -0.04 -0.01 0.00 

T-Statistics -4.18 0.15 -0.27 -4.04 0.00 

Travel & Leisure -0.01 -0.03 0.03 -0.01 0.00 

T-Statistics -11.15 -0.40 0.45 -6.22 0.00 

Others -0.01 0.15 -0.18 -0.01 0.00 

T-Statistics -4.21 1.12 -1.15 -3.80 0.00 

All 0.00 0.20 -0.02 -0.01 0.00 

T-Statistics -1.88 0.78 -0.07 -1.71 0.03 
 

This table presents the regression analysis results for 34 Japanese Industries after London terrorist attack. The first 
multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive dummy 
variable equation shows the impact on the intercept (see equation 14). 
1
Equity and Non- Equity 
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Appendix 2.5: Regression Analysis (Mumbai)  

Table 20: The Impact of Mumbai Attack on Japanese Industry Indices- Regression Analysis 
 

)(*]~~[]~~[~~
3

21

0 SDSDrrrrrr ftmtIftmtIftIt ββββ +−+−+=−  

Industry 0β  
1β  2β  3β  Wald Test 

Aerospace -0.01 -0.08 0.14 0.00 0.00 

T-Statistics -9.49 -1.04 1.15 -0.42 0.26 

Automobile -0.01 -0.05 0.07 0.00 0.00 

T-Statistics -16.17 -0.99 0.92 -0.44 0.38 

Banks -0.01 -0.09 0.14 0.00 0.00 

T-Statistics -11.74 -1.42 1.41 0.08 0.29 

Beverages -0.01 -0.02 0.02 0.00 0.00 

T-Statistics -19.90 -0.48 0.33 -1.95 0.03 

Chemicals -0.01 -0.03 0.08 0.00 0.00 

T-Statistics -14.92 -0.62 0.99 -0.32 0.43 

Construction -0.01 -0.01 0.03 0.00 0.00 

T-Statistics -15.18 -0.25 0.43 -0.98 0.37 

Electricity -0.01 -0.04 0.02 0.00 0.00 

T-Statistics -15.36 -0.94 0.23 -0.68 0.53 

Electronics -0.01 -0.01 0.05 0.00 0.00 

T-Statistics -12.39 -0.22 0.60 -0.67 0.47 

Engineering  -0.01 -0.05 0.09 0.00 0.00 

T-Statistics -12.43 -0.85 0.90 -0.37 0.45 

(E&N)
1
 Investment -0.01 -0.04 0.07 0.00 0.00 

T-Statistics -13.82 -0.76 0.90 -0.99 0.14 

Food & Drug -0.01 0.00 -0.02 0.00 0.00 

T-Statistics -21.29 -0.14 -0.34 -1.41 0.42 

Food Products -0.01 0.01 -0.01 0.00 0.00 

T-Statistics -22.76 0.17 -0.15 -2.06 0.07 

Forest -0.01 -0.04 0.01 0.00 0.00 

T-Statistics -17.44 -1.05 0.11 -1.48 0.13 

Gas  -0.01 0.00 -0.01 0.00 0.00 

T-Statistics -19.46 0.05 -0.15 -1.67 0.21 

Gas & Oil -0.01 0.02 -0.01 0.00 0.00 

T-Statistics -10.62 0.37 -0.06 -0.91 0.65 

General Industrial -0.01 0.00 0.00 0.00 0.00 

T-Statistics -14.68 -0.02 0.00 -1.23 0.42 

General Finance -0.01 -0.04 0.03 0.00 0.00 

T-Statistics -8.50 -0.46 0.21 -0.65 0.73 

Health care -0.01 -0.01 0.04 0.00 0.00 

T-Statistics -15.80 -0.32 0.59 -0.66 0.49 

Household Goods -0.01 -0.02 0.04 0.00 0.00 

T-Statistics -15.37 -0.39 0.55 -0.99 0.30 

Industry Transportation -0.01 -0.02 0.01 0.00 0.00 

T-Statistics -16.94 -0.54 0.17 -1.02 0.46 

Leisure Goods -0.01 -0.03 0.06 0.00 0.00 

T-Statistics -11.90 -0.45 0.64 -0.45 0.61 

Life & Non-Life Insurance -0.01 0.03 -0.03 0.00 0.00 

T-Statistics -6.97 0.28 -0.18 -1.21 0.52 

Media -0.01 -0.02 -0.01 0.00 0.00 

T-Statistics -9.65 -0.31 -0.11 -0.38 0.94 

Metal -0.01 -0.03 0.06 0.00 0.00 

T-Statistics -10.30 -0.41 0.49 -0.15 0.88 
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Personal Goods -0.01 -0.05 0.07 0.00 0.00 

T-Statistics -14.46 -0.92 0.88 -0.17 0.57 

Pharmaceuticals  -0.01 -0.02 0.03 0.00 0.00 

T-Statistics -15.06 -0.36 0.37 -0.93 0.45 

Real Estate -0.01 -0.07 0.05 0.00 0.00 

T-Statistics -10.52 -1.06 0.44 -0.32 0.62 

Retailer -0.01 -0.03 0.04 0.00 0.00 

T-Statistics -13.09 -0.58 0.45 -0.78 0.49 

Software -0.01 -0.03 -0.02 0.00 0.00 

T-Statistics -8.24 -0.29 -0.14 -0.30 0.96 

Support Service -0.01 -0.02 0.01 0.00 0.00 

T-Statistics -9.89 -0.27 0.08 -0.35 0.95 

Technology -0.01 -0.02 0.03 0.00 0.00 

T-Statistics -10.81 -0.32 0.30 -0.43 0.84 

Telecommunication -0.01 -0.05 0.06 0.00 0.00 

T-Statistics -8.49 -0.56 0.40 0.48 0.94 

Travel & Leisure -0.01 -0.02 0.03 0.00 0.00 

T-Statistics -15.10 -0.46 0.38 -1.36 0.18 

Others -0.01 -0.07 0.10 0.00 0.00 

T-Statistics -7.89 -0.81 0.70 -0.30 0.62 

All -0.01 0.12 -0.04 0.00 0.00 

T-Statistics -4.19 0.75 -0.14 -0.16 0.86 

      

 
This table presents the regression analysis results for 34 Japanese Industries after Mumbai terrorist attack. The first 
multiplicative dummy variable equation illustrates the impact on systematic risk and the second additive dummy variable 
equation shows the impact on the intercept (see equation 14). 
1
Equity and Non- Equity 
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1. Introduction    

Providing loans is one of the major activities of banks.1 By extending loans to 

individuals and businesses, banks act as an important financial intermediary 

institution. Bank lending is also a major focus of attention of monetary and banking 

authorities as it can influence the effectiveness of monetary policy and put pressures 

on the financial stability, particularly when there is an increase in credit risk.  

The most popular measure of credit risk is the non-performing-loans (NPL) 

ratio. However, in the absence of this ratio, one can use alternative measures such as 

the loan-loss-reserves-to-gross-loans (LLRGL) ratio.2 Agusman et al. (2008) show 

that the LLRGL ratio is a good measure of credit risk, and can be used as a surrogate 

for market-based risk measures.  

The objective of this study is to examine the effects of the LLRGL ratio on 

stock returns for a sample of 42 Asian banks during the period 1999-2007. This 

study is important for following reasons. First, while credit risk has long been 

recognized as a major threat to banking, to the best of our knowledge, there is no 

research available on the impact of credit risk on bank stock returns. Previous studies 

such as Choi et al. (1991) and Atindéhou and Gueyie (2001) have examined the 

sensitivity of bank stock returns to market, interest and exchange rate risk. However, 

the sensitivity to credit risk remains unexplored.  

Second, loan loss reserves have been widely used in addressing problem 

loans. But, its impacts on bank stock returns are not well understood and previous 

studies on this subject generally show conflicting results. For example, Beaver et al. 

(1989), Elliot et al. (1991), Griffin and Wallach (1991) find a positive relation, 

whereas Ahmed et al. (1999) and Docking et al. (1997 and 2000) document a 
                                                 
1 Several researchers have explored why bank loans are special. See, for example, James (1987), 
Becketti and Morris (1992), Billett et al. (1995 and 2006), and Fields et al. (2006). In general, they 
argue that the specialness of bank loans lies in their comparative cost advantage in information 
gathering and monitoring processes relative to other financial institutions. 
 
2 As described by Hatfield and Lancaster (2000), loan loss reserve is a contra-asset account to cover 
possible loan default. In particular, when a bank’s loan portfolio review reveals the possibility of 
increasing credit risk, then additional reserves are added to the loan loss reserve account to further 
cushion against the possibility of future loan default. 
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negative relation. By examining Asian banks, the present study will improve our 

understanding on this important issue.  

Furthermore, previous studies mostly use an event-study approach. This 

methodology may not be applicable when announcements about loan loss reserves 

are not well documented such as in the case of Asian financial systems where only 

limited banks are listed in the capital markets. The present study resolves this 

limitation by implementing a panel data analysis.3 

The panel data analysis includes controls for market returns, the book-to-

market ratio, size, and country-specific factors, and we find that the LLRGL ratio has 

a negative and significant influence on bank stock returns. These results indicate that 

credit risk remains a major threat to Asian banks. Moreover, while loan loss reserves 

are required for mitigating credit risk, investors do not consider them as good news 

or a credible signal concerning bank intentions to resolve problem loans. The 

implication of these findings is that the loan loss provisions ratio provides an 

ambiguous signal. Thus, bank management should consider additional measures to 

convey the magnitude of problematic loans to the capital markets.   

 

2. Literature Review 

Agusman et al. (2008) examine the relation between accounting and capital 

market risk measures using a sample of 46 Asian banks during 1998-2003. They find 

that the LLRGL ratio, a proxy for credit risk, is significantly related to total return 

risk and non-systematic risk.  As a result, the ratio can be considered as a surrogate 

for market-based risk measures. 

Earlier research by Beaver et al. (1989) investigates the relation between 

financial reporting, supplemental disclosures, and share prices for a sample of 149 

US banks. They find that the supplemental disclosures of nonperforming loans and 

the maturity of loans have incremental explanatory power beyond that provided by 

                                                 
3 Beaver et al. (1989) and Ahmed et al. (1999) have adopted a panel data framework (the fixed-effects 
model), but only for limited analysis. 
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allowance for loan losses.4 They also document that higher allowance for loan losses 

is associated with higher market values of bank stock.  

The majority of the research on the link between loan loss reserves and bank 

stock returns uses an event study approach. Elliott et al. (1991) explore the 

information content of announcements of increased reserves for loan loss by Citicorp 

and other banks, and the write-off announcement made by the Bank of Boston during 

1987. They argue that since the announcement of an increase in loan loss reserves is 

to resolve problem loans in lesser developed countries (LDC), it could be interpreted 

favorably as a signal of willingness to deal with the LDC debt problem. Consistent 

with this argument, they find that the strongest stock-price increases are associated 

with the Citicorp announcement. In contrast, those banks with the greatest exposure 

to LDC debt and with the largest reserves sustained the largest stock-price decreases 

at the Bank of Boston write-off announcement.  

Wahlen (1994) investigates three related but separate disclosures of loan 

portfolio default risk: changes in nonperforming loans, loan loss provisions and loan 

chargeoffs. Using two samples of US banks, he finds that unexpected loan loss 

provisions are positively related to future changes in cash flows as far as three years 

ahead, given current cash flows, unexpected changes in non-performing loans and 

unexpected loan chargeoffs. Moreover, stock price reactions to annual returns and 

earnings announcement dates confirm that investors interpret discretionary 

components of unexpected provisions as good news about future changes in cash 

flows, although provisions are measures of expected losses that reduce current 

earnings. 

Griffin and Wallach (1991) examine how the stockholders’ returns of 13 

large US banks were affected by their decisions to place Brazilian loans on a 

nonaccrual basis and to increase loan loss reserves to recognize the higher 

probability of default. They find that the stock market responded adversely to the 

banks’ reclassification of loans to the nonaccrual basis, and positively to subsequent 

                                                 
4 Beaver et al. (1989, p.162) state that “allowance for (possible) for loan losses” is another name for 
“loan loss reserve”. 
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announcements of additions to loan loss provisions. The latter reaction is consistent 

with banks’ use of those adjustments as credible signals about their intentions and 

abilities to resolve the Latin American debt situation. 

Musumeci and Sinkey (1990) also use an event-study method to examine 

security returns for the 25 largest US bank holding companies surrounding Citicorp’s 

$3 billion loan-loss-reserve decision. They document positive and significant 

abnormal returns for Citicorp and other money-center banks when Citicorp 

announces its reserve allocations. They also find positive abnormal returns for the 

other money-center banks when they announced their reserve decisions. They argue 

that these reserve decisions affect market prices because they signal economic value-

enhancing corporate and strategic restructurings. 

While the above studies generally show a positive relation between loan loss 

reserves and bank stock returns, several researchers find a negative relation. Ahmed 

et al. (1999) use a sample of 113 bank holding companies that file   Y-9 reports with 

the Federal Reserve to construct more powerful tests of capital and earnings 

management effects on bank loan loss provisions. They find strong support for the 

hypothesis that loan loss provisions are used for capital management. More 

importantly, they document that loan loss provisions are negatively related to both 

future earnings changes and contemporaneous stock returns.  

Docking et al. (1997) examine a sample of loan loss reserve announcements 

by US banks found in The Wall Street Journal Index (WSJI). They report negative 

and statistically significant announcement effects associated with the loan loss 

reserve announcements. Subsequently, Docking et al. (2000) extend the work of 

Docking et al. (1997) by investigating intragroup and intergroup differences that may 

exist between the stock-price reaction to loan loss reserve announcements by money-

center and regional banks. Docking et al. (2000) find that significant stock-price 

effects of bank loan loss reserves announcements exist despite the fact that these 

accounting adjustment have no concurrent cash-flow implications. They also 

document that consistent with expected information effects, negative abnormal 

426



 8

returns surrounding the announcements tend to be much more important in the case 

of regional as opposed to money-center banks.  

Hatfield and Lancaster (2000) investigate announcements of additions to loan 

loss reserves for 33 US bank holding companies. Interestingly, they find that the 

reaction to an increase in the loan loss reserves is negative and statistically 

significant before the announcement; but, subsequently becomes positive and 

remains statistically significant for several days afterwards.   

 

3.   Data and methodology 

3.1. Data and sample 

Listed banks from nine countries in Asia, including Hong Kong, Indonesia,  

Pakistan, Philippines, Singapore, South Korea, Sri Lanka, Taiwan, and Thailand for 

the 1999-2007 period are used in the study.5 Capital market data including stock 

prices and market indices for each country were obtained from Datastream, while 

accounting data were collected from BankScope.  

 

3.2. Panel data methodology 

 A panel data methodology is used to accommodate the heterogeneity among 

the 42 Asian banks. In addition, this methodology can reduce problems associated 

with multicollinearity and estimation bias, and specifies the time-varying relation 

between dependent and independent variables (Baltagi, 2001, and Hsiao, 1986). 

Beaver et al. (1989) and Ahmed et al. (1999) have used panel data 

methodology in examining loan loss reserves and provisions. In particular, Beaver et 

al. (1989) adopt the fixed-effects model to explain the impacts of loan loss reserves 

on the market-to-book ratio, whereas Ahmed et al. (1999) implement the fixed-

effects model to explain the effects of loan loss provisions on net returns. However, 

                                                 
5 The list of the sample banks is provided in Appendix 1. To be included in this research, the banks’ 
data (based on the December year-end reports) should be obtainable from Datastream and Bankscope 
for all years during the study period. Moreover, at least two banks’ data should be available for each 
sample country. 
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the two studies did not report the statistical tests necessary to determine the most 

appropriate model.   

In the panel data analysis, an F-test is used to determine whether the fixed-

effects model outperforms the pooled OLS, and the Breusche and Pagan Lagrange 

Multiplier (LM) test is used to determine whether the random-effects model 

outperforms the pooled OLS. Moreover, as described in Wooldridge (2002) and 

Greene (2003), the Hausman test is implemented to compare the fixed-effects model 

with the random-effects model.  

 

3.3. Variables  

In this study, the dependent variable is annual bank stock return (BSR).6 The 

main independent variable is the loan-loss-reserves-to-gross-loans (LLRGL) ratio. 

We expect that the relation between LLRGL and BSR will be negative because, 

intuitively, credit risk should have a negative effect on banks.  Agusman et al. (2008) 

shows that LLRGL is a good proxy for credit risk, while Ahmed et al. (1999) and 

Docking et al. (1997 and 2000) document a negative relation between loan loss 

provisions and bank stock returns.  

This study uses several control variables. The first control variable is the 

returns on the nine relevant capital market indices (CMR). This variable is used by 

Atindéhou and Gueyie (2001) and Saporoschenko (2002).7 Moreover, as suggested 

by Fama and French (1992), Barber and Lyon (1997), and Lewellen (2004), we also 

use the book-to-market ratio (BTMR) of equity, and firm size (SIZE), measured by 

the market capitalization of equity. As in the previous studies, the relations between 

                                                 
6 The return is simply calculated as the stock price at year t minus the stock price at year t-1 divided 
by the stock price at year t. 
 
7 In examining the impact of exchange rate risk on Canadian chartered banks’ stock returns, 
Atindéhou and Gueyie (2001) use the capital market returns as one of the control variables. Moreover, 
Saporoschenko (2002) uses the Japanese stock market return as one of independent variable in a study 
on the sensitivity of Japanese bank stock returns to economic factors. Therefore, we believe that the 
use of the relevant capital market indices (CMR) as one of the control variables is appropriate for our 
study. 
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CMR and BSR, and between BTMR and BSR are expected to be positive, whereas 

the relation between SIZE and BSR is expected to be negative. 

Furthermore, following Agusman et al. (2008), we use eight country dummy 

variables (DCOUNTRY) to control for the differences in the banking structure and 

regulatory environments, and the different economic and political characteristics. 

Indonesia is used as the numeraire country. 

 

3.4. Empirical model 

Based on the above discussions, the following general model is used: 

 

BSR = α0 + α1(LLRGL) + α2(CMR) + α3(BTMR) + α4(SIZE) 

                        +∑
=

=

13

5

α

α
DCOUNTRY + error                                                                (1) 

where BSR = the bank stock returns, LLRGL = the loan-loss-reserves-to-gross-loans 

ratio, CMR = the relevant capital market returns, BTMR = the book-to-market ratio, 

SIZE = the market capitalization of equity, and DCOUNTRY= the eight countries 

dummy variables.                                                                                      

 

4. Empirical results 

4.1. Descriptive statistics 

Table 1 presents descriptive statistics for the raw variables.  BSR has a mean 

(median) of 17.5% (8.7%), while the mean and the median of LLRGL is 5.5% and 

3.8%, respectively. The mean (median) of CMR is 19.1% (17.0%). The remaining 

two variables are highly skewed with skewness measures of -6.4 (BTMR) and 3.9 

(SIZE). To mitigate skewness and the existence of outliers, the Kane and Meade 

(1998) rank transformation is used.8 Multicollinearity values, as suggested by 

Gujarati (2003), indicate that multicollinearity is not a serious problem in the sample.  

                                                 
8 Basically, the rank transformation involves replacing each observation of variable X for year t, with 
its corresponding rank from 1 to n in ascending sequence divided by n + 1. 
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(Insert Table 1 here) 

 

4.2. Regression results 

Table 2 presents the regression results. 9 The F-test indicates that the fixed-

effects model outperforms the pooled OLS. However, the Breusche and Pagan 

Lagrange Multiplier (LM) test suggests that the pooled OLS is superior to the 

random-effects model. The Hausman test shows that the fixed-effects model 

outperforms the random-effects model. While these tests indicate that the fixed-

effects model is the best specification, for comparison purposes, all three models are 

presented.  

 (Insert Table 2 here) 

Because the data are pooled, heteroskedasticity and autocorrelation may 

affect the OLS results. A likelihood ratio test and the Wooldridge test identified the 

existence of heteroskedasticity and autocorrelation in the data.10 Therefore, 

following Wooldridge (2002 and 2003), Arellano (1987 and 2003) and Bertrand et 

al. (2004), cluster-robust variance and covariance estimators are used to resolve 

these issues.  

As expected, the fixed-effects specification (the best model) indicates that the 

LLRGL has a significant negative effect on BSR. With the R-squared of 36%, the 

model explains considerably well the relation between the two variables.11 The same 

results are also shown by the random-effects model and the pooled OLS, although 

with a lower R-squared. The results indicate that an increase in loan loss reserves has 

a negative and significant effect on bank stock returns. Hence, our findings are 

consistent with Ahmed et al. (1999) and Docking et al. (1997 and 2000).  

                                                 
9 In this study, we use Stata 9.0 for all estimations. 
 
10 In addition to the likelihood ratio test, we also use the White test to examine the presence of 
heteroskedasticity problems. The results are generally consistent. 
 
11 As reported by Lev (1989) and Chen and Zhang (2007), accounting fundamentals typically explain 
stock returns with very low R-squared (less than 10%). 
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Consistent with expectations, the relation between CMR and BSR is positive 

and significant for all three models. However, the relation between BTMR and BSR 

is negative and significant. This is inconsistent with Fama and French (1992), and 

Barber and Lyon (1997). Surprisingly, the relation between SIZE and BSR is not 

significant in any one of the models. Perhaps this suggests that for Asian banks, size 

is not a matter in gaining stock returns. 

Since under the fixed-effects model the country dummy variables are 

dropped, we use the results of the random-effects model and the pooled OLS to 

analyze the impact of the dummy variables. In general, the results indicate that 

during the 1999-2007 period, bank stock returns in Hong Kong, Pakistan, 

Philippines, South Korea, Sri Lanka, Taiwan, and Thailand are significantly higher 

than Indonesia.  Moreover, bank stock returns of Singapore are also higher than 

Indonesia, but not significant. 
 

 

4.3. Further analysis 

  Since country dummy variables add explanatory power to bank stock return 

models, nine dummy interaction variables are created by multiplying each country 

dummy variable with the LLRGL variable. Our purpose is to compare the impact of 

the LLRGL ratio across each country in the study and the dummy interaction for 

Indonesia is used as the numeraire. The results are shown in Table 3. 

 Again, the specification tests indicate that the fixed-effects model is the best. 

The results suggest that the estimated coefficient on the dummy interaction for 

Taiwan is positive and significant, whereas for South Korea it is negative and 

significant. Hence, the impacts of the LLRGL on bank stock returns in Taiwan are 

higher than Indonesia while in South Korea are lower.12 Overall, the findings suggest 

that the effect of the LLRGL on bank stock returns can vary from country to country.  

                                                 
12 The random-effects and pooled OLS models provide inconsistent results. In particular, under the 
two models, the coefficients on the dummy interactions for Hong Kong, Pakistan, Philippines, Sri 
Lanka, and Thailand are positive and significant.  
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5. Conclusions   

The objective of this study is to examine the effects of the LLRGL ratio on 

stock returns for a sample of 42 listed Asian banks during the period 1999-2007. 

Using a panel data analysis, the results show a negative and significant relation 

between the ratio and bank stock returns, suggesting that an increase in credit risk 

reduces bank stock returns. Moreover, investors do not consider loan loss reserve 

additions as good news or a credible signal concerning bank intentions to resolve 

problem loans. The results provide support for the studies by Ahmed et al. (1999) 

and Docking et al. (1997 and 2000).  

Our findings have some important implications for bank management and 

banking authorities. First, bank management, particularly listed banks, needs to be 

judicious in using loan loss reserves to alleviate credit risk. Thus, listed banks should 

find other more sophisticated tools for improving loan quality. For the same reason, 

bank management also needs to limit the use of loan loss reserves for earnings 

management purposes. Moreover, banking authorities may need to limit their 

reliance on loan provisioning as a major prescription for reducing credit risk in the 

industry. Also, they have to be very selective in requiring banks to increase loan loss 

reserves. Not all problems of bad loans should be resolved by increasing the loan 

loss reserves. Perhaps, by requiring banks to sell or restructure their bad loans, 

banks’ equity values can be increased.  
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Table 1: Descriptive Statistics 
The table presents descriptive statistics of the raw variables. The study uses annual observations of 42 capital market listed commercial banks in nine countries in 
Asia over the period 1999-2007. BSR is the bank stock returns. LLRGL is the ratio of loan-loss-reserves-to-gross-loans. CMR is the returns of the relevant capital 
markets. BTMR is the book-to-market-equity ratio.  SIZE is the market capitalization of equity.  There are 378 observations. 
 

Variables 
 

Mean 
 

Median 
 

Standard 
Deviation  

Minimum 
 

Maximum 
 

Skewness 
 

BSR 0.175 0.087 0.504 -0.800 2.495 1.273 
LLRGL 0.055 0.038 0.062 0.002 0.517 3.332 
CMR 0.191 0.170 0.333 -0.509 1.166 0.365 
BTMR 0.909 0.741 0.952 -12.281 4.255 -6.411 
SIZE ($000,000) 2,326.313 629.979 4,751.392 11.347 38,629.026 3.932 
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Table 2: Regression Results 
 
Results from the one-factor panel data regressions. The estimation uses annual observations of 42 capital market listed commercial banks in nine countries in Asia over the period 1999-2007 (balanced 
panel). The dependent variable is BSR (the bank stock returns). The independent variables include LLRGL, CMR, BTMR and SIZE. LLRGL is the ratio of loan-loss-reserves-to-gross-loans. CMR is the 
returns of the relevant capital markets. BTMR is the book-to-market-equity ratio.  SIZE is market capitalization of equity.  Indonesia is the numeraire country. All raw variables are transformed using the 
rank transformation. Cluster-robust standard errors (to account for both heteroskedasticity and autocorrelation) are in parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and 1% 
level, respectively. 
__________________________________________________________________________________________________________________________________________________________________ 
Dependent variable:                                           BSR 
Independent  variables Expected signs   Pooled OLS   Fixed Effects    Random Effects                                    
 
Constant      0.281***    0.484***     0.284*** 
      (0.103)    (0.142)     (0.103)  
LLRGL   -   -0.172**    -0.321***      -0.174** 
      (0.081)    (0.102)     (0.081)   
CMR   +   0.527***    0.510***       0.527*** 
      (0.049)    (0.051)     (0.049)    
BTMR   +   -0.159*    -0.351***      -0.163* 
      (0.096)    (0.098)     (0.095)   
SIZE   -   0.046    0.244       0.046 
      (0.110)    (0.172)     (0.110)    
Hong Kong     0.150**    dropped     0.149** 
      (0.069)         (0.069)   
Pakistan      0.161**    dropped     0.161*** 
      (0.064)           (0.064) 
Philippines     0.191***    dropped     0.192*** 
      (0.068)         (0.069)    
Singapore      0.060    dropped     0.060 
      (0.075)         (0.075)    
South Korea     0.125*    dropped     0.125* 
      (0.069)         (0.069)   
Sri Lanka      0.104*    dropped     0.104* 
      (0.057)         (0.057)   
Taiwan      0.133*    dropped     0.133* 
      (0.076)         (0.076)   
Thailand      0.180**    dropped     0.180** 
      (0.084)         (0.084)   
 
R2      0.31    0.36     0.33  
F statistics      21.78***    57.29***     -   
N      378    378     378    
Specification tests:      
• F test (Pooled OLS vs FEM)        1.79***      
• LM test (Pooled OLS vs REM)       0.76      
• Hausman test (FEM vs REM)        48.36***      
Heteroskedasticity test :  Likelihood Ratio test        60.82**  
       White test       92.17***   
Autocorrelation test     :  Wooldridge test        13.59***       
__________________________________________________________________________________________________________________________________________________________________ 
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Table 3: Regression Results – Further Analysis 
Results from the one-factor panel data regressions. The estimation uses annual observations of 42 capital market listed commercial banks in nine countries in Asia over the period 1999-2007 (balanced 
panel). The dependent variable is BSR (the bank stock returns). The independent variables include LLRGL, CMR, BTMR and SIZE. LLRGL is the ratio of loan-loss-reserves-to-gross-loans. CMR is the 
returns of the relevant capital markets. BTMR is the book-to-market-equity ratio.  SIZE is market capitalization of equity.  LLRGLxthe country dummy variable is a dummy interaction variable. 
LLRGLxIndonesia is the numeraire. All raw variables are transformed using the rank transformation. Cluster-robust standard errors (to account for both heteroskedasticity and autocorrelation) are in 
parentheses. *, ** and *** indicate statistical significance at the 10%, 5% and 1% level, respectively. 
__________________________________________________________________________________________________________________________________________________________________ 
Dependent variable:                                           BSR 
Independent  variables Expected signs   Pooled OLS   Fixed Effects    Random Effects                                    
 
Constant      0.348***    0.497***     0.348*** 
      (0.074)    (0.165)     (0.074)  
LLRGL   -   -0.283***    -0.343**       -0.283*** 
      (0.087)    (0.150)     (0.087)   
CMR   +   0.504***    0.512***       0.504*** 
      (0.044)    (0.051)     (0.044)    
BTMR   +   -0.107    -0.380***      -0.107 
      (0.074)    (0.115)     (0.074)   
SIZE   -   0.139**    0.174       0.139** 
      (0.067)    (0.219)     (0.067)    
LLRGLxHong Kong     0.019***    0.014     0.019*** 
      (0.006)    (0.012)     (0.006)   
LLRGLxPakistan     0.031***    0.022     0.031*** 
      (0.010)    (0.035)       (0.010) 
LLRGLxPhilippines     0.014***    -0.001     0.014*** 
      (0.005)    (0.010)     (0.005)    
LLRGLxSingapore     -0.006    0.004     -0.006 
      (0.008)    (0.015)     (0.008)    
LLRGLxSouth Korea     -0.012    -0.042***     -0.012 
      (0.008)    (0.016)     (0.008)   
LLRGLxSri Lanka     0.018*    0.040     0.018* 
      (0.011)    (0.067)     (0.011)   
LLRGLxTaiwan     0.027    0.296**     0.027 
      (0.045)    (0.132)     (0.045)   
LLRGLxThailand     0.011*    -0.004     0.011* 
      (0.006)    (0.005)     (0.006)   
 
R2      0.31    0.38     0.32  
F statistics      59.23***    31.45***     -   
N      378    378     378  
Specification tests:      
• F test (Pooled OLS vs FEM)        2.13***      
• LM test (Pooled OLS vs REM)       0.41      
• Hausman test (FEM vs REM)        66.72***      
Heteroskedasticity test :  Likelihood Ratio test        50.03 
       White test       86.05**      
Autocorrelation test     :  Wooldridge test        13.57***       
__________________________________________________________________________________________________________________________________________________________________ 
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Appendix 1: Banks and their Country of Operations 
 

Countries and  
Bank Names 

Countries and  
Bank Names 

Countries and  
Bank Names 

Hong Kong 
1. Wing Lung Bank Ltd 
2. Wing Hang Bank Ltd 
3. International Bank of Asia 
4. ICBC (Asia) Ltd 
5. Hang Seng Bank Ltd 
6. Bank of East Asia Ltd 
 
Indonesia 
1. Panin   
2. NISP 
3. Lippo 
4. BII 
5. Permata 
6. Danamon 
7. Niaga 
 
 

Pakistan 
1. MCB Bank Ltd 
2. Habib Metropolitan Bank Ltd 
3. Bank of Punjab 
4. Askari Commercial Bank Ltd 
 
Philippines 
1. Union Bank of the Philippines  
2. Rizal Commercial Banking Corp. 
3. Philippine National Bank 
4. Metropolitan Trust & Bank Company 
5. China Banking Corporation – Chinabank 
6. Bank of the Philippine Islands 
 
Singapore 
1. United Overseas Bank Ltd - UOB 
2. Oversea-Chinese Banking Co Ltd – OCBC 
 
South Korea  
1. Pusan Bank 
2. Korea Exchange Bank 
3. Daegu Bank 
 

Sri Lanka   
1. Sampath Bank 
2. Hatton National Bank Ltd 
3. Commercial Bank of Ceylon Ltd 
 
Taiwan  
1. Chang Hwa Commercial Bank  
2. Bank of Kaohsiung 
3. Far Eastern International Bank 
4. Taichung Commercial Bank 
5. Union Bank of Taiwan 
 
Thailand    
1. Thai Military Bank Pcl 
2. Siam Commercial Bank Pcl 
3. Krung Thai Bank Pcl 
4. Kasikornbank Pcl 
5. Bank of Ayudhya Pcl 
6. Bangkok Bank Pcl 

Notes:  Market Indices: Hang Seng (Hong Kong); Jakarta Composite (Indonesia); Karachi 100 (Pakistan); PSE Composite (Philippines); Strait   Times– New 
(Singapore); Seoul Composite (South Korea); All Share (Sri Lanka); Taiwan Weighted (Taiwan); SET (Thailand).  
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1 Introduction 

European financial market conditions are still worsening while the adverse consequences of the 

U.S. subprime mortgage crisis from mid-2007 are gaining weight. A significant increase in risk 

premiums and market volatility as well as indications of liquidity shortages in major European 

banking systems (ECB, 2007: 11) are the most obvious results of external effects from the subprime 

crisis which infected the national European financial markets through cross-border structured and 

leveraged funding by internationally acting banks, insurance and investment companies. 

 

In response to these unprecedented circumstances a general reassessment of risks associated with 

structured finance instruments is observed across the whole financial community in Europe. Thus, 

due to losses on direct and indirect investments in structured finance positions, asset portfolios have 

been reallocated at great costs and in particular credit financed positions have been reduced. More-

over, under the framework of a “flight to quality” investors generally reconsider their willingness to 

provide funding in the asset backed commercial paper market, which in fact accelerates the collapse 

of the market for structured finance instruments. 

 

The resulting lack of market liquidity in combination with an upcoming uncertainty among inves-

tors has provoked a decrease in the fair value of financial instruments and a downward tendency of 

equity prices across European financial markets with an implied volatility of equity price indices 

being well above the levels experienced in recent periods of financial market turbulence (BOE, 

2007: 17-18). A fortiori, central banks in major financial markets were forced to act as lenders of 

last resort by providing large amounts of liquidity to protect from further distortions (BOE, 2007; 

BIS, 2007). To date, the International Monetary Fund (IMF) values mark to market losses on struc-

tured finance instruments at approximately 945 billion USD. Moreover, it is assumed that about half 

of the amount of losses and write-downs on structured finance instruments will explicitly affect the 

banking industry (IMF, 2008), probably constituting a serious threat of systemic fragility. 

 

The implications of structured finance instruments on systemic stability aspects have already 

been documented in great detail by recent descriptive studies on a macro level (BIS, 2003, 2005, 

2008a, 2008b; EZB, 2004; IMF, 2006, 2007, 2008). In contrast, empirical literature on the micro 

level, that is the relationship between credit risk securitization and the issuing banks’ systematic 

risk, is rather scarce (see Section 2). This paper narrows this gap, presents novel evidence and ex-

tends appropriate traditional event study methodology. The remainder of the paper is organized as 

follows. Section 2 presents related theoretical and empirical literature on the relationship between 

securitization and the issuing banks’ systematic risk. While section 3.1 describes the dataset, section 
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3.2 presents our empirical model and strategy. Main results are discussed in section 3.3 and illus-

trated within the statistical appendix. Section 4 concludes. 

 

2 Related Literature 

Increasing respective economic literature provides plenty of motives for credit risk securitization 

by financial intermediaries. These mainly include reducing the bank’s economic and regulatory 

capital requirements especially under the former Basel I regulations (MERTON, 1995), serving the 

bank’s liquidity and funding management (GREENBAUM and THAKOR, 1987; ROSENTHAL and 

OCAMPO, 1988; LELAND, 2007), and reducing a bank’s overall risk exposure through credit portfo-

lio diversification and specification (CARLSTROM and SAMOLYK, 1995; GORTON and PENNACCHI, 

1995). Resulting wealth effects from former securitization motives haven been empirically exam-

ined by LOCKWOOD ET AL. (1996), THOMAS (2001), GASBARRO ET AL. (2005) and RICKEN (2007). 

Thus, as motives and wealth effects are well documented by theoretical and (in large parts) empiri-

cal literature,1 this paper will focus on the relationship between credit risk securitization and the 

issuing bank’s systematic risk. 

 

Appropriate theoretical literature give rise to contradictory predictions about the effect of credit 

risk securitization on the bank’s overall risk exposure. This may be due to the fact that this relation-

ship depends on both a direct and indirect (dynamic) effect. The direct effect of securitization on 

systematic risk depends on how much risk is transferred to outside investors. This relationship how-

ever is not distinct. Indeed, the bank’s overall risk exposure is likely to be reduced if the tail risk of 

senior tranches being transferred to external investors exceeds probable default risks of the first-loss 

position which is typically retained by the bank. However, for two reasons the major part of default 

risks might remain in the bank’s first-loss position. First, under the framework of information 

asymmetries and incomplete securitization contracts the bank may retain the riskier first-loss posi-

tion as a quality signaling advice towards external investors (RIDDIOUGH, 1997; DEMARZO, 2005; 

INSTEFJORD, 2005). Second, former Basel I regulations provided an incentive to keep the major part 

of default risks within the bank. Thus, as corporate and retail loans were not risk-adjusted but glob-

ally backed up with equity capital under Basel I regulations, keeping the major part of default risks 

within the first loss-position provoked arbitrage profits as required regulatory equity capital was 

lower in comparison (ALLEN and GALE, 2006). 

 

                                                 
1 Ample surveys on banks’ motives to engage in securitization are KARAOGLU (2005) and BANNIER and HÄNSEL 

(2008). 
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The indirect effect of securitization on the bank’s risk exposure is determined by the bank’s strat-

egy to reinvest liquid capital that has become available from selling traditional (cash) transactions 

or from regulatory capital relieves due to synthetic transactions. Thus, the indirect effect of securiti-

zation is not obvious but rather depends on a wide range of investment policies and can more 

probably be defined by the way the bank’s overall asset portfolio risk is restructured (KRAHNEN and 

WILDE, 2006). On the one hand, using liquid capital to take on new assets will typically provoke a 

better diversification of the bank’s asset portfolio if remaining total assets are less strongly corre-

lated after securitization (GREENBAUM and THAKOR, 1987). Hence, the actual effect on the bank’s 

overall risk exposure depends on the risk-level of new assets being taken in, which again is deter-

mined by the current level of competition in the respective asset market (INSTEFJORD, 2005). On the 

other hand, using liquid capital to invest it in free-of-risk assets or releasing own liabilities typically 

leads to a decrease in the bank’s leverage and an increase in creditworthiness (CEBENOYAN and 

STRAHAN, 2004). 

 

With regard to this paper’s topic of research the discussion has to be widened by considering the 

relationship between securitization and the bank’s systematic risk. Under the framework of the 

(CAPM) market model changes in a bank’s systematic risk are described by changes in the beta 

factor which again are determined by (1) varying standard deviations of the bank’s stock returns 

and (2) correlations of stock returns with returns of the market portfolio (market returns). In line 

with FRANKE and KRAHNEN (2006) we assume that losses within the bank’s asset portfolio have a 

direct impact on the current market value of the bank’s equity capital. As a consequence, higher 

portfolio losses should also lead to a higher standard deviation of stock returns. Thus, given a steady 

correlation of the bank’s stock and market returns,2 a higher standard deviation of stock returns 

should result in an increase in the bank’s systematic risk. 

 

In contrast, the actual degree of the bank’s asset portfolio’s diversification is described by the 

correlation of stock and market returns. Accordingly, a change in diversification should result in 

varying correlation coefficients. Though it is accepted by definition that portfolio diversification 

effects usually refer to unsystematic risk, it is also true that a larger diversification of the bank’s 

asset portfolio reflects the market portfolio better and hence results in a higher correlation of stock 

and market returns. However, any change in systematic risk depends on the bank’s pre-event risk 

level as compared with the market level. Thus, assuming a steady market value of the bank’s asset 

                                                 
2 Note however, that securitization and post-event diversification simultaneously affect both the standard deviation of 

the bank’s stock returns as well as the correlation between stock returns and returns from the market portfolio. 

443



 

  
5 

portfolio and hence a steady standard deviation of stock returns, an increase in the correlation of 

stock and market returns would either lead to an increase (pre-event systematic risk level lower than 

the market level) or decrease (pre-event systematic risk level higher than the market level) in the 

bank’s systematic risk. 
 
Regarding complying empirical literature most event studies deal with wealth effects from securi-

tization without giving special attention to changes in the originator’s systematic risk. In contrast, 

studies that additionally examine risk shifts through securitization are sparse. To the best of our 

knowledge only three empirical studies exist at all. To begin with, in an early cross-sectional study 

LOCKWOOD ET AL. (1996) provide data on 294 securitization announcement and issue dates (121 

from banks) from 39 originators in the US between 1985 and 1992. Controlling for overlapping and 

confounding events they provide empirical evidence that risk effects of securitization issues are 

industry-specific and primarily depend on the financial quality (soundness) of the bank. They find 

that the interest rate risk dropped for financially stronger banks and increased for weaker banks, 

which are additionally faced with a higher market risk after securitization. LOCKWOOD ET AL. sug-

gest that securitization issues of weaker banks might lead to over-collateralization, increasing mar-

ginal costs to grant new loans, and a reduction in loan portfolio size. Moreover, they conclude that 

weaker banks are also more likely to securitize a higher quality of assets in order to exploit regula-

tory arbitrage. 

 

Using 73 announcements of 27 banks in Europe between 1999 and 2002 FRANKE and KRAHNEN 

(2006) provide empirical evidence that the banks’ systematic risk increases throughout the securiti-

zation event. They conclude that for many banks in their sample the risk-reduction effect of securi-

tization is undermined by reinvesting liquid capital into risky projects. Moreover, they suggest that 

risk-reduction through securitization is basically determined by the technique of tranching the issue. 

Hence, a post-event increasing beta should result from the fact that the first loss piece, which is 

typically retained by the bank, exhibits a higher probability of failure than senior tranches being 

transferred to external investors. 

 

Finally, HÄNSEL and KRAHNEN (2007) confirm empirical findings by FRANKE and KRAHNEN 

(2006) using 159 securitization issues from 49 internationally listed banks in Europe plus the UK 

and the U.S. In addition, they present empirical evidence that, ceteris paribus, financially weaker 

banks tend to increase their systematic risk more strongly than financially healthier banks and that 

the increase of systematic risk is significantly larger for banks in continental Europe compared to 

credit institutions in the UK or the U.S. 
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3 Empirical Analysis 

3.1 Data and Sources 

Our unique sample of 618 banks’ balance sheet securitizations is obtained from offering circulars 

and presale reports provided by Moody’s, Standard & Poor’s and FitchRatings. These reports pro-

vide detailed information on securitizations including the nature and structure of the transaction as 

well as the securities issued. However, we withdrew the data on transactions by banks whose stocks 

are not traded on European Stock Exchanges and transactions from banks that exhibit missing stock 

returns over the entire event period of 241 trading days3 leaving us with 592 transactions. 

 

Comprehensive descriptions and summarizing statistics for the entire sample of securitizations 

are provided in the Statistical Appendix. As Table 1 shows, the final sample consists of 405 tradi-

tional and 187 synthetic securitizations by banks. The cumulated volume of risk being transferred 

through securitization amounts to € 1.092.863 million for the period 1997-2007 whereby the sample 

is mainly represented by the risk transfer of corporate loans (€ 419.222 million) and residential 

mortgage loans (€ 542.684 million). Furthermore, the mean and median volume as well as the stan-

dard deviation is higher for synthetic securitizations compared to traditional securitizations. Figures 

1 and 2 more precisely illustrate the distribution of cash and synthetic securitizations. With excep-

tion of the years 2000 and 2002 the volume of credit risk transfer as well as the number of transac-

tions is higher for cash securitizations in comparison to synthetic issues. Furthermore, in Europe a 

noteworthy transfer of credit risks through securitizations by banks did not begin until 1997. The 

number of transactions and the volume of credit risk transfer initially increase over the sample pe-

riod reaching the peak in 2006 and then decrease as a result of the U.S. subprime crisis in mid-2007. 

 

3.2 Regression Model and Econometric Strategy 

We derive our basic regression model from the standard market model as follows: 

 
event after

i,t i,0 i,1 m,t i,1 1,t m,t i,1 2,t m,t i,tR R D R D RΔ Δ= β +β +β +β + η  (1) 

 

while i,tR  and m,tR  are the daily log returns on banks’ stocks i and the market portfolio m at trad-

ing day t, iD  are dummy variables to specify the event windows, i,tη  is the error term and iβ are the 

parameters of systematic risk to be estimated. 

                                                 
3 We retrieved the history of banks’ stock prices from Datastream Database provided by Thomson Financial Ser-

vices. 
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We observe 241 trading days per securitization symmetrically moving around day 0t  

[ ]0120 t 120− ≤ ≤ +  which proxies for the first day of trading securitized assets (issue date) and for 

more precise announcement dates within our robustness checks.4 Event windows of 40 [ ]20; 20− + , 

20 [ ]10; 10− +  and 10 [ ]5; 5− +  trading days are symmetrically set around issue and announcement 

dates respectively. 1,tD is a dummy variable equaling one in a symmetrical window around day 0t  if 

1 2T t T≤ ≤  (with 1T  and 2T being defined as the beginning and the end of the event period), and zero 

otherwise, whereas 2,tD  is a dummy variable equaling one after the event period if 2t T>  and zero 

in all other cases. 

 

In contrast to previous empirical studies we assume that the change in bank’s systematic risk 

must not necessarily develop following a linear function. Bearing this in mind, we set time varying 

betas as follows: 

 
event

i,1 i,2 1 2 i,3 1 i,t(T t)(t T ) (t T )Δ =β β − − +β − + ν  (2) 

 
after

i,1 i,3 2 1 i,t(T T )Δβ = β − + ξ  (3) 

  

Specification (2) describes event
i,1
Δβ  as the marginal change of systematic risk within the event win-

dow and allows i,1β  to follow a continuous concave, convex or linear function. Hence, we observe 

significant changes in systematic risk during the period of the event window which would have re-

mained undetected if traditional event study methodology on securitization and risk shifting effects 

had been applied. Specification (3) describes after
i,1
Δβ  as the marginal change of systematic risk within 

the post-event period. i,1β  may exit the event period at a higher or lower level compared to the pe-

riod foregoing the event. Naturally, i,1β  may also follow a constant course if i,2β  and i,3β  become 

zero. 

 

As a result of introducing time varying betas and implementing i,2β  and i,3β  the coefficients 
event

i,1
Δβ and after

i,1
Δβ cannot be observed directly but must be estimated as * event

i,1
Δβ and * after

i,1
Δβ  with the 

standard errors i,tν  and i,tξ . After the integration of equations (2) and (3) into the basic equation (1) 

we obtain our modified regression model: 

 

                                                 
4  We retrieved relevant announcement dates, being defined as the first notification of a future transaction, from the 

online archive of Euroweek newsletter. 
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i,t i,0 i,1 m,t i,2 1 2 i,3 1 i,t 1,t m,tR R (T t)(t T ) (t T ) D R= β +β + β − − +β − + ν⎡ ⎤⎣ ⎦
i ,3 2 1 i,t 2,i m,t i,t(T T ) D R+ β − + ξ + η⎡ ⎤⎣ ⎦  (4)

  

Rearranging equation (4), we attain: 

 

i,t i,0 i,1 m,t i,2 1 2 1,t m,tR R (T t)(t T )D R= β +β +β − − i ,3 2 1,t 2 1 2,t m,t i ,t(t T )D (T T )D R+β − + − + ε⎡ ⎤⎣ ⎦  (5) 

  

Allowing for time varying betas throughout and after the event period introduces the error term 

i,tε  in equation (5) as a function of the market return m,tR  with i,t i,tε = η  over the whole estimation 

period, i,t i,t i,t m,tRε = η + ν  throughout the event period and i,t i,t i,t m,tRε = η + ξ  in the post-event pe-

riod. Before the background of ample empirical literature on daily stock return volatility stating its 

inclination to cluster (MANDELBROT, 1963; FAMA, 1965, 1970a), we assume that the variance of the 

standard error i,tε  is not constant but more probably conditionally heteroskedastic and thus predict-

able by including ARCH structures (BOLLERSLEV Et AL., 1992; BERA and HIGGINS, 1993).5 Per-

forming ENGLE’s Lagrange Multiplier test (ENGLE, 1982, 1983) to control for autoregressive condi-

tional heteroscedasticity, we find empirical evidence of first order ARCH effects for the majority of 

time series.6 Hence, we extend traditional event study methodology by including an ARCH (1) 

structure in the modified market model to ensure that variance is not underestimated. 

 

Allowing the conditional variance of the error term i,tε  to follow an ARCH (1) process, we gen-

eralize: 

 
2

i,t i,0 i,1 i,t 1Var( ) −ε = α +α ε  (6) 

 

We perform a variety of tests to control for the robustness of our estimation results. To begin 

with, due to the industry-specific and international character of our sample, a range of stock indices 

can be used to proxy the market portfolio. As European capital markets have become increasingly 

integrated (BECKERS ET AL., 1996; DEL NEGRO AND BROOKS, 2002) and the influence from indus-

try-specific factors on stock prices increases (BROOKS and CATAO, 2000; CAVAGLIA ET AL., 2000), 

we suggest that sector-specific rather than country specific indices will describe appropriate proxies 

                                                 
5 Table 2 indicates that time series of daily log returns within our sample of 54 banks are stationary and from lepto-

kurtic distribution. Volatility clustering is observed since coefficients for squared and absolute daily log returns ex-
hibit a positive first-order autocorrelation in all series. 

6 ENGLE’S LM test was applied to the entire 592 securitization events, separated by issue and announcements dates, 
different indices and event window sizes. However, without obtaining distinctive differences in results. Obviously, 
we are not able to report the vast size of empirical results within this contribution but provide them on request. 
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of the market portfolio. Thus, we include indices of Dow Jones Eurostoxx 50, Dow Jones Eurostoxx 

600 as well as Dow Jones Eurostoxx 600 Banks as alternative measures of the market portfolio in 

separate regressions. 

 

Moreover, estimation results may be biased if multiple (overlapping) transactions or further (con-

founding) events7 take place within the event window (MCWILLIAMS and SIEGEL, 1997; 

MCWILLIAMS and MCWILLIAMS, 2000). To control for these effects we build two sub-samples. In a 

first sub-sample all time series are excluded that contain overlapping transactions occurring in the 

post-event period [ ]0t ; 120+ . In the second sub-sample we eliminate those time series that include 

confounding events within the event window [ ]1 2T ;T . 

 

Finally, it is likely that our regression results are biased due to a permanent shifting in the sys-

tematic risk that affects the banking industry as a whole. Hence, we control for the robustness of our 

results by additionally estimating an extended regression model including the excess return of the 

Dow Jones Eurostoxx 600 Banks defined as log return of the sector index b,tR  minus the log return 

of the market portfolio m,tR  as additional coefficients. Based on equation (5) the extended modified 

regression model reads as follows: 

 
event after

i,t i,0 i,1 m,t i,1 1,t m,t 1,i 2,t m,tR R D R D RΔ Δ= β +β +β +β   
event after

i,1 b,t m,t i,1 b,t m,t i,1 b,t m,t i,t(R R ) (R R ) (R R )Δ Δ+δ − + δ − + δ − + ε  (7) 

 

with estimated 

 
* event
i,1 i,2 1 2 i,3 1 i,t(T t)(t T ) (t T )Δδ = δ − − + δ − +ϑ  (8) 

 
* after
i,1 i,3 2 1 i,t(T T )Δδ = δ − + ϕ  (9) 

 

According to standard event study methodology, estimated coefficients 

i,0 i,1 i,2 i,3 i,1 i,2 i,3 i,0 i,1, , , , , , , ,∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗ ∗⎡ ⎤β β β β δ δ δ α α⎣ ⎦  are averaged to mean values across n securitization events. 

To substantiate our hypothesis that means of estimated beta coefficients are non-zero, we apply a 

parametric t-Test. Furthermore, we apply a non-parametric WILCOXON signed rank test, which ef-

                                                 
7 That is e.g. mergers, acquisitions, earning announcements, restructurings, quarterly reports and other. We retrieved 

relevant confounding events from the online archive of Financial Times Europe. Figure 3 illustrates 275 confound-
ing events being identified for the sample period. 
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fectively tests when assuming a non-normal distribution of stock returns and hence provides addi-

tional information on the robustness of the parametric t-Test. 

 

3.3 Empirical Results 

Table 3 presents major results of our main regression (1) and further robustness checks applying 

regressions (2) – (8) being differentiated to alternative lengths of specified event windows. Coeffi-

cients are obtained from ARCH (1) regressions while standard errors are obtained from two-sided t-

Tests and WILCOXON signed rank tests applied to means of estimated coefficients. Values in paren-

theses indicate the total number of ARCH (1) estimated coefficients exhibiting statistical signifi-

cance at the 5 percent level. 

 

3.3.1 Main Findings 

Our main regression (1) is based on an event window period of 20 days [ ]10; 10− +  around each 

securitization’s issue date. It includes the Dow Jones Eurostoxx 50 index to measure the return of 

the market portfolio and estimates the change in the banks’ systematic risk over the full sample of 

592 cash and synthetic transactions. As Table 3 indicates, ARCH (1) estimated coefficients are sta-

tistically significant at the 5 percent level in 47 cases with regard to 2β  and in 149 cases with regard 

to 3β . These changes are sufficiently large to obtain significant means (averaged values) of esti-

mated betas at the 5 percent level (t-Test) and 1 percent level (WILCOXON signed rank test) respec-

tively. Concerning conditional variance, the ARCH (1) structure identifies 291 significant 1α  coef-

ficients. Thus, for about half of the total of 592 time series, the assumption of a constant variance of 

the error term is rejected in favor of ARCH effects. To the extent that this result holds for similar 

event studies, which continuously disregard conditional variance (LOCKWOOD ET AL., 1996; 

FRANKE and KRAHNEN, 2006; HÄNSEL and KRAHNEN, 2007), t-Tests may be biased and conclu-

sions incorrect. In contrast, if, as is likely, the variance increases within the event period, t-ratios 

will be systematically overestimated due to a systematically understated variance from the pre-event 

period in these studies. 

 

As reported in Table 3 and plotted in Figure 4 the average value of estimated coefficients 1β , 

which displays the banks’ systematic risk prior to the event window, is positive at 0.7769. The 

mean of estimated coefficients 2β  is negative at -0.0004 and indicates a convex progress of system-

atic risk throughout the event window which would have remained undetected by traditional event 

study methods assuming time-invariant betas. Following the convex progress systematic risk ini-

tially decreases to a minimum of 0.7587 with this point being reached three trading days before the 

securitization’s transaction is closed. From this point in time the systematic risk increases and fi-
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nally reaches a higher level at 0.8269 compared to the pre-event level which is indicated by a posi-

tive average value of estimated coefficients 3β  at 0.0025. Hence, the overall cumulated risk shifting 

effect is at 0.05. Figure 5 additionally shows individual changes of systematic risk for the complete 

sample of 592 transactions throughout the entire event window period indicating that 339 out of 592 

observations (57.3 percent) are characterized by an increase in systematic risk. Individual changes 

in the banks’ systematic risk vary between -0.0488 and 0.0576 on a daily basis while 87 percent of 

all observations are within a range of -0.02 and 0.02. The mean of estimated coefficients is at 

0.0025 with a standard deviation of 0.0138.8 

 

A decrease in the bank’s systematic risk between the beginning of the event window and transac-

tion closure was to be expected considering theoretical assumptions. Thus, the decrease in system-

atic risk might reflect capital market investors’ anticipation of a risk shifting effect, which should 

generally arise if an amount of a bank’s credit risks is transferred to external investors by means of 

securitization. In contrast, an increase in the banks’ post-event systematic risk seems to be more 

surprising at first sight. However, this increase might be a plausible economic result of securitiza-

tion coming from a number of considerations.9 

 

First of all, changes in systematic risk heavily depend on the bank’s strategy to re-invest liquid 

capital that has become disposable from securitization. If reinvestments result in a better diversifica-

tion of the loan portfolio, this is usually referred to as unsystematic risk. Nevertheless, the more the 

bank diversifies, the more its stock returns tend to reflect the market portfolio (the entire economy). 

Hence, systematic risk could well increase through securitization if the banks’ pre-event level of 

systematic risk is under the market level as is the case in our sample ( 1β  is at 0.7769). Second, an 

increase in the post-event systematic risk might reflect the degree of default risks being included in 

the first loss position which is usually retained by the bank. Since the first loss piece typically acts 

as a quality signal towards external investors, it might exhibit a higher probability of failure than 

senior tranches being transferred to external investors. Hence, the bank’s systematic risk is likely to 

rise if the tail risk of senior tranches falls below the degree of default risks being included in the 

first-loss piece. 

 

                                                 
8 With regard to an alternative specification of the CAPM as used in appropriate literature, we further run a regres-

sion based on excess returns defined as log return minus log (risk-free) one month interbank lending rate LIBOR, 
however by obtaining almost identical results (see Table 3, Regr. (2)). 

9 Note that the following implications are indirect evidence of the impact of securitizations since it is impossible to 
separate the bank’s investment policy and capital structure decisions associated with securitizations from operating 
and strategic “asset-liability-management”. 
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Third, using liquid capital from securitization to restructure the bank’s capital structure, e.g. pay-

ing higher dividends or repurchasing own stocks, typically leads to an increase in the bank’s lever-

age which again should affect systematic risk. And finally, the securitization of credit risks (under-

stood as a credit risk mitigation technique) enables banks to directly adjust the overall loan portfo-

lio’s risk exposure to actual regulatory and economic capital stocks. However, as we observe an 

overall increase in systematic risk throughout the entire estimation period, we suggest that securiti-

zation is primarily applied to adjust the loan portfolio’s overall risk exposure to economic capital 

rather than regulatory capital stocks. Accordingly, this may imply that many banks in our sample 

try to achieve a better utilization of scarce equity capital which would correspond to the shareholder 

value precept as well as welfare economic theories. 

 

3.3.2 Robustness Checks 

We perform a variety of checks to control for the robustness of our estimation results. To begin 

with, we include further stock price indices as alternative measures of the market portfolio by 

means of regressions (3) and (4). Taking into account that a bank’s loan portfolio is strongly granu-

lar, we include the Dow Jones Eurostoxx 600 index since this measure represents small, medium 

and large capitalized companies and hence should better reflect the loan portfolio’s sensitivity to 

macroeconomic risk factors. In this context, we simultaneously control for the possibility that 

changes in systematic risk may be influenced by a “size factor” in our basic regression (1) since the 

Dow Jones Eurostoxx 50 index exclusively contains large capitalized firms. Furthermore, as 

changes in systematic risk may be affected by an industry-wide risk shift across the whole banking 

industry, we include the Dow Jones Eurostoxx 600 Banks index as a sector specific index. 

 

As Table 3 reports, the mean of estimated coefficients 1β  is at 0.9371 in regression (3) and at 

0.8961 in regression (4), that is, the banks’ stocks sensitivity to macroeconomic risk factors is 

higher compared to our main regression (1). In addition, the average values of estimated coeffi-

cients 3β  are still positive and statistically significant at the 1 percent level for both regressions (3) 

and (4). Hence, we conclude that our estimation results are basically robust against macroeconomic 

risk and size factors. Nevertheless, compared to the main regression (1) the overall risk shifting 

effect is notably lower at 0.0022 in regression (3) and lower at 0.0015 in regression (4). Beyond 

this, the mean of estimated coefficients 2β  is statistically significant only at the 10 percent level 

within regression (3) and becomes insignificant in regression (4). 

 

Estimation results may also be biased due to a permanent shift in the systematic risk that affects 

the banking industry as a whole over the sample period. Hence, we additionally control for this ef-
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fect by introducing the excess return of the Dow Jones Eurostoxx 600 Banks index to test for a cross 

interdependency between the observed increase in systematic risk and a possible risk shift in the 

European banking industry in regression (5). Table 3 reveals that the average value of estimated 

coefficients 1δ  and 2δ , which cover the sensitivity of stock returns towards excess returns of the 

banking sector index throughout and after the event period, are positive but statistically insignifi-

cant. Moreover, the average values of estimated coefficients 3β  are still positive and statistically 

significant at the 1 percent level while the net effect of an overall change in systematic risk is small 

at 0.001. Hence, we do not find empirical evidence that stock returns might be influenced by a 

banking industry-specific risk shift. Nevertheless, the banks’ pre-event systematic risk is signifi-

cantly higher at 0.8963 compared to the main regression (1). 

 

Multiple (overlapping) transactions as well as further (confounding) events that take place within 

the sample period may also bias estimation results. We control for these effects by means of regres-

sion (6) and (7). From a theoretical point of view, the effect of overlapping, repeated issues is am-

biguous. On the one hand, a decrease in systematic risk might be more evident for banks engaging 

repeatedly in securitizations since these banks typically achieve a higher loan portfolio diversifica-

tion, have better access to capital markets and are more able to build a reputation. On the other 

hand, as banks in general retain the first-loss position of a securitization issue, an increase in sys-

tematic risk may be more visible for repeated issuers if retained risks outweigh portfolio diversifica-

tion and reputational benefits. 

 

We exclude 229 overlapping (repeated) transactions that were performed within 120 trading days 

after a bank’s primary securitization and 212 confounding events that occurred within the event 

window, which results in two reduced samples of 363 transactions in regression (6) and 380 trans-

actions in regression (7) respectively. In line with the theoretical assumptions the results in Table 3 

indicate a decrease in the banks’ systematic risk from the beginning of the event window until the 

transaction is closed concerning both regressions. However, the mean of the estimated coefficients 

2β  is statistically significant only at a 10 percent level within regression (6) while it is significant at 

a 1 percent level in regression (7). Means of estimated coefficients 3β  are still positive and statisti-

cally significant at the 1 percent level for both regressions while the net effect of an overall change 

in systematic risk is very small at 0.0001 and 0.0004 respectively. Hence, estimation results do not 

confirm an additional impact of repeated securitizations or confounding events on the banks’ sys-

tematic risk. These results do not correspond with empirical findings provided by FRANKE and 

KRAHNEN (2006). They conclude that a risk shifting effect and hence, an increase in systematic risk 

is more relevant for larger banks that repeatedly engage in securitizations. 
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Finally, we include announcement instead of issue dates in regression (8). As Table 3 shows, the 

mean of estimated coefficients 2β  becomes notably smaller in value and changes in sign but does 

not exhibit statistical significance. This is not a surprising result since external investors are typi-

cally not able to anticipate future securitization announcements by banks. In contrast, average val-

ues of estimated coefficients 3β  remain positive at a slightly higher value and statistically signifi-

cant at the 1 percent level. The announcement of an intended securitization is given 20 days on av-

erage before issuing the transaction (the median being 17 days). As final details on the transaction, 

and in particular information on risks to be transferred, become most transparent shortly before the 

transaction is successfully closed, we suggest that a slightly higher increase in the post-

announcement systematic risk may reflect a capital market’s “overreaction” with regard to the im-

pact of credit risk securitization on the bank’s overall risk exposure. 

 

3.3.3. Sub Samples 

Theoretical reflections on an increase in the bank’s post-event and overall systematic risk as dis-

cussed at the end of Section 3.3.1 are at best indirect evidence. Taking this into account we will 

scrutinize each theoretical consideration by regressing further sub-samples. Based on the entire 

sample of 592 cash and synthetic transactions used for main regression (1) we build three different 

sub samples to control for (a) the banks’ pre-event level of systematic risk ( 1β ), (b) cash vs. syn-

thetic securitizations and (c) a structural break in time series of transactions due to the change from 

Basel I to Basel II regulations. Following our main regression (1) each of the three sub samples is 

based on a symmetrical event window period of 20 days [ ]10; 10− +  around the securitization’s is-

sue day 0t .10 Main results of sub sample regressions are presented in Tables 4 – 6. Coefficients are 

obtained from ARCH (1) regressions while standard errors are received from two-sided t-Tests and 

WILCOXON signed rank tests applied to means of estimated coefficients. Values in parentheses indi-

cate the total number of ARCH (1) estimated coefficients being statistically significant at the 5 per-

cent level. 

 

3.3.3.1 Controlling for the Pre-event Beta Factor 

We first build two sub samples of 435 transactions with a pre-event beta factor 1 1β <  (banks’ 

systematic risk lower than the market level) and 157 transactions with a pre-event beta factor 1 1β >  

(banks’ systematic risk higher than the market level) to control for the effect of the pre-event level 

                                                 
10 We additionally considered announcement dates and performed sub sample regressions for further event window 

periods of 10 and 40 days without obtaining different results. Empirical results can be provided on request. 
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of systematic risk on the risk shifting throughout and after the event period.11 As Table 4 reveals, 

the average value of estimated coefficients 2β  is negative at -0.0006 and statistically significant at 

the 1 percent level indicating a decrease in systematic risk from the beginning of the event window 

for the sub sample of 1 1β <  transactions. The mean of estimated coefficients 3β  is significantly 

positive at 0.0048 suggesting a higher post-event level of systematic risk. In contrast, the average 

value of estimated coefficients 2β  is positive at 0.0002 and statistically significant at the 1 percent 

level indicating an increase in systematic risk from the beginning of the event window for the sub 

sample of 1 1β >  transactions. Furthermore, the average value of estimated coefficients 3β  is sig-

nificantly negative at -0.0039 suggesting a lower post-event level of systematic risk. 

 

Taking these results into account, we find empirical evidence that the overall risk shifting effect 

through securitizations is associated with the banks’ pre-event level of systematic risk. If pre-event 

systematic risk is below the market level ( 1 1β < ), overall systematic risk rises up to a higher post-

event level compared to the level prior securitization. In contrast, if pre-event systematic risk ex-

ceeds the market-beta ( 1 1β > ), overall systematic risk falls down to a lower post-event level com-

pared to that prior securitization. Hence, regression results confirm our hypothesis from Section 

3.3.1 suggesting that a lower pre-event level of systematic risk provides an incentive for banks to 

more strongly diversify their loan portfolios by reinvestments which results in a better reflection of 

the market portfolio (the entire economy) and hence an increase in post-event systematic risk. 

 

3.3.3.2  Controlling for Cash vs. Synthetic Transactions 

We further generate two sub samples separated in 405 cash (traditional) and 187 synthetic trans-

actions to control for the impact of the transaction’s type on the shifting of systematic risk through-

out and after the event window. As briefly discussed in Section 3.3.1, the effect of securitization on 

a bank’s risk exposure might depend on the bank’s strategy to re-invest liquid capital that has be-

come available from selling traditional transactions or from economic and regulatory capital re-

lieves due to synthetic transactions. However, as synthetic transactions usually do not generate any 

direct cash inflows, investment facilities should be lesser. Hence, an increase in the banks’ overall 

systematic risk might be higher under the framework of synthetic transactions. 

 

As Table 5 reports, the mean of estimated coefficients 3β  is positive at 0.0019 and statistically 

significant at the 1 percent level for cash transactions. In contrast, the average value of estimated 

                                                 
11 We also considered sub-samples for cash and synthetic transactions but did not observe deviating results. For these 

empirical results can also be provided on request. 
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coefficients 3β  is statistically significant at the 1 percent level and positive, however at a higher 

level of 0.0036 for synthetic transactions. Accordingly, the net effect of difference in average values 

of estimated coefficients 3β  is at 0.0016. This difference is significant at the 1 percent level apply-

ing the difference-in-means t-test. Hence, we find empirical evidence that synthetic transactions 

lead to a higher post-event shifting of banks’ overall systematic risk. 

 

3.3.3.3  Controlling for the Regulatory Framework 

Finally, we control for structural breaks in our time series of transactions, which may be a result 

of the change from Basel I to Basel II regulations as a distinctive adjustment of the regulatory 

framework concerning securitization issues. Though both capital accords obligate banks to raise 

equity capital as a buffer against potential default losses from the first loss position of a securitiza-

tion, former Basel I regulations provided an incentive to keep the major part of default risks within 

the bank. Hence, as corporate and retail loans were not risk-adjusted but globally backed up with 

equity capital under Basel I regulations, keeping the major part of default risks within the first loss-

position provoked arbitrage profits since required regulatory equity capital was comparably lower. 

Addressing this concern, Basel II follows a substance over form principle whilst determining the 

required regulatory capital for all retained tranches of a securitization. As a consequence, Basel II 

provides stronger incentives to transfer subordinated tranches, and in particular the first loss posi-

tion of a securitization, to external investors. Thus, we expect that the shift in systematic risk should 

be lower for banks under the new Basel II regulatory framework. 

 

We build two sub samples; the first includes 278 transactions for the period from 1997 to 2003 

and hence reflects securitizations by banks under the Basel I regulatory framework. The second 

sample stretches from 200412 to 2007 comprising 314 securitizations under Basel II regulations. As 

Table 6 shows, pre-event systematic risk ( 2β ) decreases at a higher rate compared to the Basel I sub 

sample if securitizations were performed under the new Basel II framework. However, since 2β  is 

statistically insignificant for the Basel I sub sample, one may not conclude that capital market’s 

investors anticipate a larger amount of credit risks to be transferred through securitization under 

Basel II regulations. Independently, the mean of estimated coefficients 3β  is at 0.0015 for transac-

tions being closed under Basel I with a weak statistical significance at the 10 percent level. In con-

trast, the average value of estimated coefficients 3β  in the Basel II sub sample is at a higher value of 

0.0034 with a higher statistical significance at the 1 percent level compared to the Basel I regres-

                                                 
12 Basel II has been published in June 2004 when at the latest new regulations on securitizations have been anticipated 

by banks (FITCHRATINGS, 2005). 

455



 

  
17 

sion. The difference in means of both estimated coefficients 3β  is statistically significant at the 1 

percent level applying the difference-in-means t-test. Hence, as we find empirical evidence that the 

shift in the banks’ overall systematic risk is more distinct under the Basel II regulatory framework, 

we have to reject our hypothesis that Basel II provides an incentive for banks to transfer a larger 

amount of credit risks by means of securitization.13 

 

4 Conclusion 
Using a unique dataset of 592 cash and synthetic securitizations by 54 banks from the EU-15 plus 

Switzerland over the period 1997-2007, this paper provides empirical evidence that credit risk secu-

ritizations have a positive impact on European banks’ systematic risk generally confirming empiri-

cal findings by LOCKWOOD ET AL. (1996) and FRANKE and KRAHNEN (2006). Beyond this however 

our study presents novel evidence since our empirical strategy reveals a convex development in 

systematic risk within the event window, which until now has not been detected by traditional event 

study methods assuming time-invariant betas. Furthermore, traditional assumptions of a constant 

variance of the error term are rejected in favor of ARCH (1) effects for more than half of the time 

series included in our data sample. To the extent that this result holds for similar event studies, 

which continuously disregard conditional variance, t-Tests may be biased and conclusions may be 

incorrect. In contrast, if, as is likely, the variance increases throughout the event period, t-ratios will 

be systematically overestimated due to a systematically understated variance from the pre-event 

period in these studies. 

 

While a decrease in the banks’ systematic risk from the beginning of the event window until 

transaction closure was expected with regard to theoretical assumptions, we find several rationales 

for an overall increase in systematic risk. We suggest that post-event systematic risk might be influ-

enced by (a) the market sensitivity of post-event re-investments, (b) the degree of default risks in-

cluded in the first loss position which is usually retained by the bank, (c) the changes in the post-

event leverage of the issuing bank and (d) an adjustment of the loan portfolio’s overall risk expo-

sure to economic capital rather than regulatory capital. These implications are confirmed by a vari-

ety of robustness checks. Furthermore, building several sub samples, we additionally find empirical 

evidence that (a) a lower pre-event level of systematic risk, (b) a larger amount of synthetic transac-

                                                 
13  A further segmentation of the sub sample regarding different pre-event systematic risks (

1 1
1; 1β < β > ) and different 

types of transactions (cash vs. synthetic) did not lead to dissimilar results. Hence, estimation results obtained from 
sub samples (1) and (2) could be completely assigned on sub sample (3). However, we observed considerable fluc-
tuations concerning the individual regressor’s significance levels. 
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tions and (c) securitization issues under Basel II regulations result in a higher post-event shifting of 

the banks’ overall systematic risk. 

 

Changes in systematic risk through securitization have important financial and regulatory impli-

cations. Within the context of our sample of banks, for example, changes in systematic risk are im-

portant to external investors to rebalance their portfolios and bank managers who may wish to con-

duct corporate restructurings including adjustments in capital structure and hence financial leverage. 

In addition, revealing the changes in the banks’ systematic risk through securitization is essential 

for regulatory issues such as adjusting risk-based capital regulations or determining the optimal 

frequency of regulatory examinations. Moreover, as European banks have voiced criticism on miss-

ing transparency concerning the risks inherent in securitizations it is important to establish further 

standards on transparency for structured finance instruments. This is underlined by the recent U.S. 

sub prime crises, which has disclosed some important insights regarding the effect of securitizations 

on financial stability. Hence, in future research further close examination of the impact of credit risk 

transfer on systemic risk is essential. 
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Statistical Appendix 

Table 1: Descriptive Statistics of Securitizations in the Sample (million EURO) 
 n Total Volume Mean Median Std.dev Minimum Maximum

Total Transactions 592 1.092.863 1.846 1.032 2.173 41 22.000

Cash Transactions 405 637.167 1.573 961 1.720 41 10.293

Synthetic Transactions 187 455.696 2.437 1.600 2.840 80 22.000

CDOs 199 419.222 2.107 1.385 2.409 80 16.863

      thereof SME CDOs 88 145.725 1.656 1.182 1.619 80 7.728

      thereof Non-SME CDOs 111 273.497 2.464 1.500 2.844 198 16.863

RMBS 237 542.684 2.290 1.450 2.384 143 22.000

CMBS 64 53.999 844 636 898 199 7.092

Credit Cards Receivables 17 13.467 792 853 427 56 1.658

Consumer Loans 31 24.590 793 500 597 41 1.900

Others 44 38.901 884 713 645 109 2.500

 

 
Figure 1: Volume of Risk Transfer of Cash and Synthetic Securitizations in the Sample 

 

 

 

 

 

 

 

 

 

 

 
 
 

Figure 2: Number of Cash and Synthetic Securitizations in the Sample 
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Table 2: Descriptive Statistics of Bank Stock Returns (1/1997 – 3/2008) 
Banks PP1 p1(rt)2 p1(r2

t)2 p1(|rt|)2 S K JB3

Abbey National -40.253 0.0252 0.0953 0.1502 0.0426 6.1078 810.7
ABN Amro Holding -44.105 0.0112 0.2516 0.2909 -0.0418 7.7898 2693.0 
Alliance & Leicester -38.602 -0.0623 0.4337 0.3398 -1.1930 60.8071 300000.8 
Anglo Irish Banks -43.718 0.0341 0.2594 0.2242 0.0649 6.7568 1658.0 
Banca Antonveneta -26.466 0.0543 0.0982 0.2554 -0.1129 8.0800 1103.0 
Banca Carige -40.355 -0.0585 0.2572 0.3376 0.1446 11.6261 8740.0 
Intesa Sanpaolo -43.576 -0.0084 0.2478 0.2767 0.3373 6.8818 1821.0 
Banca Lombarda -41.420 -0.0666 0.2046 0.2648 0.5548 8.3816 3302.0 
Banca Monte Dei Paschi -40.421 0.0134 0.1299 0.2045 -0.0546 6.7800 1301.0 
Banca Naz. Lavoro -36.612 -0.0277 0.1740 0.2969 -0.0647 9.0299 3048.0 
Banca Popolare Milano -43.819 0.0123 0.1050 0.2277 -0.6220 15.5938 10000.9 
Banca Popolare Italiana -39.830 0.0859 0.1698 0.3010 0.0578 20.5259 30000.4 
Banco BPI -43.020 0.1003 0.1119 0.2484 1.1306 21.1320 30000.9 
BCP -41.113 0.0981 0.1807 0.3012 -0.2238 12.1021 9744.0 
Banco De Valencia -42.118 -0.0605 0.1884 0.2715 0.8918 9.2548 4964.0 
Banco Espr. Santo -40.868 0.1596 0.2116 0.3113 0.1308 12.6273 10000.1 
Banco Pastor -44.039 0.0786 0.1796 0.2293 0.1990 9.3287 4718.0 
Banco Popular Espanol -45.323 0.0206 0.1890 0.2292 0.1205 7.0484 1930.0 
Banco De Sabadell -38.544 0.0030 0.0455 0.1618 0.5310 21.3220 20000.4 
Bank of Ireland -45.703 0.0653 0.2046 0.2041 -0.0260 5.8109 927.4 
Bankinter -43.390 0.0811 0.3012 0.2610 0.3382 8.7172 3889.0 
Barclays Bank -44.593 0.0803 0.2180 0.2511 0.1199 5.1190 533.6 
Bay. Hypo- u. Vereinsbank -44.445 0.0216 0.2103 0.2743 0.0071 7.0444 1919.0 
BBVA -44.136 0.0587 0.2858 0.2839 0.0349 8.5209 3577.0 
BNP Paribas -45.307 0.0461 0.2049 0.2409 0.0628 7.1354 2008.0 
Bradford & Bingley -35.133 -0.0864 0.2912 0.2573 -0.4118 9.3402 3088.0 
Capitalia -42.234 0.0061 0.3312 0.2856 0.4221 10.1201 5897.0 
Commerzbank -45.219 0.0507 0.1971 0.2346 0.1104 7.4154 2293.0 
Credit Agricole -35.054 -0.0573 0.1344 0.2061 -0.1247 6.7365 905.1 
Credit Suisse -43.199 0.0074 0.2467 0.2969 -0.3041 8.5300 3632.0 
Danske Bank -45.391 -0.0266 0.0518 0.2048 0.6120 16.6353 20000.2 
Depfa Bank -44.760 -0.0284 0.1375 0.1965 0.1386 7.6832 2526.0 
Deutsche Bank -45.124 0.0219 0.1832 0.2423 -0.0405 7.0012 1879.0 
EFG Eurobank Ergasias -38.147 0.1547 0.4446 0.3911 0.2041 6.0681 1124.0 
Erste Bank -44.719 0.0223 0.1476 0.1597 -0.1168 5.9092 915.0 
Fortis -43.125 0.0675 0.2935 0.3049 0.4015 11.1266 7825.0 
HBOS -41.238 0.0171 0.3419 0.2982 0.3698 8.9547 4069.0 
HSBC Holdings -42.092 -0.0473 0.4552 0.3113 -0.0442 20.9517 30000.8 
IKB Dt. Industriebank -43.683 0.0169 0.0676 0.2789 -4.9225 92.9660 900000.6 
KBC Groupe -43.780 0.0446 0.2464 0.2429 0.3320 8.0171 3005.0 
Lloyds TSB Group -44.697 0.0383 0.1848 0.2492 0.2319 5.7586 918.1 
Mediobanca -42.962 0.0282 0.2822 0.2855 0.3610 7.3000 2231.0 
Natixis -45.196 0.0302 0.1271 0.2280 0.4862 11.3253 8243.0 
Nordea Bank -43.632 -0.0501 0.1923 0.2168 0.0147 6.4175 1254.0 
Northern Rock -37.394 0.1501 0.3755 0.3950 -3.8317 75.2653 500000.8 
Bank of Piraeus -40.732 0.1514 0.3209 0.3158 0.3983 5.9520 1097.0 
Royal Bank of Scotland -43.532 0.0450 0.2160 0.2816 0.0008 6.6454 1559.0 
San Paolo IMI -41.594 -0.0314 0.2510 0.2760 0.1442 5.1324 494.1 
Banco Santander -44.235 -0.0065 0.2540 0.2766 -0.1426 8.6090 3701.0 
SEB -44.909 0.0245 0.2082 0.2358 0.1588 5.9769 1052.0 
Standard Chartered -44.345 0.0416 0.1591 0.2462 0.0128 7.2295 2099.0 
Swedbank -46.709 0.0104 0.2102 0.1798 0.2202 6.4614 1429.0 
Sydbank -46.579 0.0272 0.0941 0.1875 0.0913 9.8162 5455.0 
UBS -43.627 0.0778 0.2330 0.2808 -0.2217 8.5079 3583.0 
Unicredito Italiano -41.806 0.0286 0.2351 0.3323 0.4854 7.9211 2952.0 

1 Phillips-Perron test for unit root (7 lags), Z(t) Test statistic 
2 Box-Pierce statistic for first-order autocorrelation of log, squared and absolute stock returns 
3 Jarque-Bera normality test
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Table 3: Regression Results – Stock Market Reaction to Securitizations 
Event Window Regr. (1) (n=592) Regr. (2) (n=592)  Regr. (3) (n=592) Regr.(4) (n=592) Regr. (5) (n=592) Regr. (6) (n=363) Regr. (7) (n=436) Regr. (8) (n=592)  

(-5;+5) Mean Estimate Mean Estimate  Mean Estimate Mean Estimate Mean Estimate Mean Estimate Mean Estimate Mean Estimate  

Const.  0.0001411 ***a (33) 0.0001180 ***a (30) 0.0000961 ***a (33) 0.0000244  (27) 0.0000473 c (32) 0.0001350 ***a (22) 0.0002378 ***a (24) 0.0001626 ***a (46) 
β 1 0.8027755 ***a (565) 0.7772228 ***a (565) 0.9374968 ***a (568) 0.8957500 ***a (572) 0.8967730 ***a (572) 0.7201169 ***a (338) 0.7302837 ***a (410) 0.7710571 ***a (561) 
β 2 -0.0025829 a (32) -0.0014934 b (34) -0.0014435 b (32) -0.0001481  (39) -0.0009105 c (22) -0.0015814 b (17) -0.0027849 ***a (18) 0.0000950  (44) 
β 3 0.0037387 ***a (139) 0.0048088 ***a (140) 0.0042657 ***a (132) 0.0029264 ***a (130) 0.0030378 ***a (130) 0.0043602 ***a (79) 0.0039410 ***a (92) 0.0051549 ***a (143) 
δ 1            0.7091475 ***a (384)          
δ 2            0.0011111  (34)          
δ 3            0.0027754  (81)          
α 0 0.0001119 ***a (592) 0.0001658 ***a (592) 0.0001672 ***a (592) 0.0001575 ***a (592) 0.0001471 ***a (592) 0.0001729 ***a (363) 0.0001653 ***a (436) 0.0001650 ***a (592) 
α 1 0.1461462 ***a (293) 0.2193925 ***a (293) 0.2062987 ***a (267) 0.2006266 ***a (270) 0.2260131 ***a (278) 0.2357032 ***a (191) 0.2038000 ***a (212) 0.2168344 ***a (273) 

Event Window Regr. (1) (n=592) Regr. (2) (n=592)  Regr. (3) (n=592) Regr. (4) (n=592) Regr. (5) (n=592) Regr. (6) (n=363) Regr. (7) (n=380) Regr. (8) (n=592)  
(-10;+10) Mean Estimate Mean Estimate  Mean Estimate Mean Estimate Mean Estimate Mean Estimate Mean Estimate Mean Estimate  

Const.  0.0001427 ***a (35) 0.0001212 ***a (36) 0.0000975 ***a (36) 0.0000274  (29) 0.0000542 b (31) 0.0001391 ***a (23) 0.0002334 ***a (22) 0.0001520 ***a (43) 
β 1 0.7768604 ***a (562) 0.7767486 ***a (562) 0.9371329 ***a (568) 0.8961235 ***a (572) 0.8978684 ***a (570) 0.7194430 ***a (336) 0.7024126 ***a (352) 0.7706599 ***a (559) 
β 2 -0.0003917 **a (47) -0.0003908 **a (48) -0.0004275 *a (43) -0.0001647  (55) -0.0002189 c (37) -0.0003813 c (26) -0.0006923 ***a (25) -0.0000740  (52) 
β 3 0.0024995 ***a (149) 0.0025037 ***a (149) 0.0021798 ***a (139) 0.0014635 ***a (132) 0.0014505 ***a (128) 0.0022499 ***b (86) 0.0020718 ***a (86) 0.0026567 ***a (140) 
δ 1             0.7112643 ***a (379)          
δ 2             0.0000659  (43)          
δ 3             0.0012116  (81)          
α 0 0.0001653 ***a (592) 0.0001653 ***a (592) 0.0001668 ***a (592) 0.0001571 ***a (592) 0.0001466 ***a (592) 0.0001724 ***a (363) 0.0001652 ***a (380) 0.0001646 ***a (592) 
α 1 0.2205043 ***a (291) 0.2204323 ***a (291) 0.2058665 ***a (268) 0.2032560 ***a (268) 0.2271683 ***a (283) 0.2366100 ***a (187) 0.2030091 ***a (179) 0.2188743 ***a (275) 

Event Window Regr. (1) (n=592) Regr. (2) (n=592)  Regr. (3) (n=592) Regr. (4) (n=592) Regr. (5) (n=592) Regr. (6) (n=363) Regr. (7) (n=317) Regr. (8) (n=592)  
(-20;+20) Mean Estimate Mean Estimate  Mean Estimate Mean Estimate Mean Estimate Mean Estimate Mean Estimate Mean Estimate  

Const.  0.0001400 ***a (37) 0.0001183 ***a (36) 0.0000954 ***a (38) 0.0000273  (30) 0.0000537 b (29) 0.0001388 ***a (25) 0.0002525 ***a (18) 0.0001496 ***a (46) 
β 1 0.7745314 ***a (555) 0.7743897 ***a (555) 0.9365846 ***a (565) 0.8966655 ***a (571) 0.8963069 ***a (568) 0.7168420 ***a (332) 0.6670488 ***a (288) 0.7675947 ***a (558) 
β 2 -0.0000579 c (67) -0.0000578 c (67) -0.0000589 b (75) -0.0000111  (59) -0.0000103  (48) -0.0000840 *b (345) -0.0001451 ***a (298) -0.0000226  (60) 
β 3 0.0013341 ***a (147) 0.0013367 ***a (146) 0.0011294 ***a (136) 0.0006911 **a (136) 0.0007494 ***a (130) 0.0012490 ***a (86) 0.0011567 ***a (74) 0.0014562 ***a (142) 
δ 1             0.7140798 ***a (370)          
δ 2             -0.0000222  (43)          
δ 3             0.0005773  (85)          
α 0 0.0001645 ***a (592) 0.0001645 ***a (592) 0.0001662 ***a (592) 0.0001567 ***a (592) 0.0001463 ***a (592) 0.0001713 ***a (363) 0.0001595 ***a (317) 0.0001643 ***a (592) 
α 1 0.2224571 ***a (289) 0.2223919 ***a (288) 0.2087838 ***a (270) 0.2031184 ***a (266) 0.2300800 ***a (280) 0.2399212 ***a (188) 0.2045989 ***a (147) 0.2182969 ***a (277) 

***, **, * indicates significance in a two-sided t-test with a probability of error of 1 %, 5 % and 10 %. a, b, c indicates significance in a two-sided WILCOXON signed-rank tests with a probability of error of 1 %, 5 % and 10 %.
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Figure 3: Confounding Events 
 

 

 

 

 

 

 

 

 

 
 

 
 

Figure 4: Development of Systematic Risk within the 
Event Window 

 
 

 

 

 

 

 

 

 

 
 

 
 

Figure 5: Individual Changes in  
Systematic Risk for the Entirety of 592 Transactions 
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Table 4: Regression results – Stock Market Reaction to Securitizations 

1 1β <  vs. 1 1β >  

Event Window                     1 1β < (n=435)  
1

1β > (n=157) 
(-10;+10) Mean Estimate Mean Estimate 

Const.  0.0002022 ***a (25) -0.0000221  (10)

β 1 0.6302804 ***a (380) 1.1829898 ***a (182)

β 2 -0.0006186 ***a (32) 0.0002371  (15)

β 3 0.0048159 ***a (95) -0.0039187 ***a (54)

α 0 0.0001598 ***a (405) 0.0001808 ***a (187)

α 1 0.2291657 ***a (192) 0.1965059 ***a (99)

   ***, **, * indicates significance in a two-sided t-test with a probability of error of 1 %, 5 % and 10 %. a, b, c indicates   
    significance in a two-sided WILCOXON signed-rank tests with a probability of error of 1 %, 5 % and 10 %. 

 
 
 
 

  Table 5: Regression results – Stock Market Reaction to Securitizations    
Cash vs. Synthetic Securitizations 

Event Window Cash Securitizations (n=405) Synthetic Securitizations (n=187) 
(-10;+10) Mean Estimate Mean Estimate 

Const.  0.0000997 **a (25) 0.0002358 ***a (10)

β 1 0.7547475 ***a (380) 0.8247521 ***a (182)

β 2 -0.0003905 *b (32) -0.0003942  (15)

β 3 0.0019902 ***a (95) 0.0036024 ***a (54)

α 0 0.0001512 ***a (405) 0.0001959 ***a (187)

α 1 0.2156861 ***a (192) 0.2309392 ***a (99)

   ***; **, * indicates significance in a two-sided t-test with a probability of error of 1 %, 5 % and 10 %. a, b, c indicates   
    significance in a two-sided WILCOXON signed-rank tests with a probability of error of 1 %, 5% and 10 %. 

 
 
 
 

  Table 6: Regression Results – Stock Market Reaction to Securitizations    
Basel I vs. Basel II 

Event Window Period: 1997-2003 (n=278)       Period: 2004-2007 (n=314) 
(-10;+10) Mean Estimate Mean Estimate 

Const.  0.0002223 ***a (19) 0.0000723 *a (16)

β 1 0.7304892 ***a (255) 0.8179152 ***a (307)

β 2 -0.0000838  (17) -0.0006642 ***a (30)

β 3 0.0014965 *c (77) 0.0033874 ***a (72)

α 0 0.0002554 ***a (278) 0.0000856 ***a (314)

α 1 0.2340722 ***a (155) 0.2084919 ***a (136)

   ***, **, * indicates significance in a two-sided t-test with a probability of error of 1 %, 5 % and 10 %. a, b, c indicates   
    significance in a two-sided WILCOXON signed-rank tests with a probability of error of 1 %, 5% and 10 %. 
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RISK RETURN RELATIONSHIP CONDITIONAL ON MARKET CONDITION AND  

MARKET VOLATILITY: EVIDENCE FROM INDONESIAN DATA 

Nurjannah 

Department of Econometrics and Business Statistics, Monash University 

 

Abstract 

Previous studies frequently found inconclusive evidence when explaining the beta risk return relationship in 

the unconditional risk return model. In the conditional model based on market condition (up/down), this 

paper finds a consistent and highly significant relationship between the CAPM beta and cross sectional 

portfolio returns. The results also hold when downside betas are employed. In periods where excess market 

returns are negative, an inverse relationship between beta and portfolio returns exists. Subsequently in 

periods where excess market returns are positive we find support for a positive risk return relationship. 

Afterwards, this paper investigates whether the risk return relation varies depending on the changing 

market volatility. Two market regimes based on the level of conditional volatility of market returns are 

specified – “low” and “high”. The low and high volatility regimes looks more pronounced with 3
rd

 quartile 

and 90
th

 percentiles as the threshold parameters but only in the low volatility regime the beta risk premium 

and downside beta risk premium are significantly different from zero. However their signs are opposite to 

expectation. In the models under the conventional framework skewness appear to be priced only in the up 

market and in the high volatility regime. 

 

1.  Introduction 

The Capital Asset Pricing Model (CAPM) is one of the significant developments in modern 

finance theory and it has been an active area of research in the finance literature. The CAPM was 

first developed by Sharpe (1964) and Lintner (1965) resulting Nobel Prize for Sharpe in 1990. 

Fabozzi (1999) defined the CAPM as an economic theory that describes the relationship between 

risk and expected return, and serves as a model for the pricing of risky securities. The CAPM states 

that the expected return of a security or a portfolio is equal to the rate of a risk free security plus 

a risk premium. It also suggests that high expected returns are associated with high level of risk. 

The CAPM of Sharpe (1964) and Lintner (1965) states that the expected return of any capital asset 

is proportional to its systematic risk measured by the beta coefficient. Based on some simplifying 

assumptions the CAPM is expressed as a linear function of a risk free rate, beta and the expected 

risk premium. In the context of the CAPM, beta is the relevant risk measure.  

While the CAPM has been one of the most challenging topics in financial economics and 

predominant in empirical work since its introduction in early 1960s, several empirical studies have 

progressively questioned on its ability to explain the risk-return relationship. The CAPM has not 

been an empirical success. There is some evidence that the OLS beta from the market model is 

claimed to be biased downward due to infrequent and non synchronous trading, see Scholes and 

Williams (1977), Cohen et al (1978, 1986), Dimson (1979) and Berglund et al (1989). Moreover, 
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Lakonishok and Saphiro (1986) have found empirical evidence that security returns are affected 

by various measures of unsystematic risk. The results reveal a significant relationship between 

market capitalization and return while the beta risk-return relationship is insignificant. Fama and 

French (1992) results implies that the relation between beta and return is flat and also that the 

size variable is significant with or without the CAPM beta. They report that book-to-market ratio is 

even more powerful than size as an explanatory variable of variation in the return.  

We argue that a possible reason for inconclusive evidence in the previous studies might 

be the failure to accommodate market movements in the CAPM analysis.  Some studies found 

that the conditional beta risk return relation to be stronger as the classification of up and down 

markets was more pronounced. Pettengil, Sundaram and Mathur (2005) argue when the excess 

market return is negative, an inverse relationship between the beta and portfolio returns should 

exist and test for a systematic conditional relationship between the realized portfolio returns and 

the beta. Their empirical investigation of US data reveals a positive slope on beta in the up market 

and a negative relationship in the down market. Therefore, following their studies, we estimate 

different risk premiums in the up and down market. However, the strength of the beta risk-return 

relation conditional on market movement may vary with the criterion used in the classification of 

up/down markets (Crombez and Vander Vennet, 2000). Galagedera and Faff (2005) investigate 

whether the risk return relation varies depending on changing market movement reflected in 

volatility in the return. They examine empirical validity of a conditional three-beta CAPM by 

defining three volatility regimes. Those regimes are formed based on the size of the conditional 

volatility modeling as a GARCH (1,1) process. In a cross-sectional framework Galagedera and Faff 

(2005) find that the beta risk premium in the three market volatility regimes is priced. This result 

is uncovered only in the pricing model that accommodates up/down market conditions. 

Some researchers
1
 suggested incorporation of a downside risk measure in the 

conventional CAPM. This downside risk takes into account the asymmetry of returns so it 

describes better the preference of the investors. In downside risk estimation only the returns 

lower than the target return (benchmark) is considered because the returns above the benchmark 

are not regarded as risky. Many alternative asset pricing models have been proposed and one of 

the most popular and widely used models is Fama and French’s (1993) three factor model. 

However, these models are still symmetric and do not directly deal with the downside risk which 

is intuitively appealing in asset pricing. Kraus and Litzenberger (1976) propose one method to 

include asymmetric response to upside and downside returns using higher moments. Another 

approach proposed by Bawa and Lindenberg (1977), which we investigate further in our study, 

                                                           
1
 Hogan and Warren (1974), Bawa and Lindenberg (1977), Harlow and Rao (1989) and Estrada (2007) 
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captures asymmetries by considering the lower partial moment (LPM). Recently Ang et al. (2002) 

extended this idea to propose a downside risk factor which could be used to explain cross-

sectional stock returns in the US market. 

This paper investigates unconditional and conditional risk-return models specified under 

the conventional framework and under the downside framework in the cross-section. Portfolios 

are constructed from a sample of stocks in the Indonesian stock market. Several variants of the 

risk-return relation are also considered by including factors to examine the possibility of a 

nonlinear relationship and concern about asymmetry in the return. As Indonesia is an emerging 

market therefore thin trading is a concern to correct any bias due to less frequently traded stocks 

in the data. The conditional models are developed by accommodating market condition captured 

by negative and positive excess return and movement in the market captured by volatility in the 

return. 

In the following section, we discuss the development of the risk return relationship both 

for  the conventional framework and downside framework. Section 3 describes the method while 

in section 4 the data used to test the relationship between beta and realized returns are 

described. Section 5 reports empirical results and discussion. Section 6 concludes the paper. 

 

2. Development of Risk Return Relationship 

2.1.  Conventional Framework 

 In the empirical investigation of the single-factor CAPM, the beta is estimated using the 

market model given as:  

  ��� � �� � ����� � 	��   , � � 1, 2, … , � (1) 

where ��� represents excess portfolio i return in excess of the risk-free rate and 	�� the random 

error which is assumed to be identically and independently distributed. The estimated slope 

coefficient βi estimates the beta of portfolio i.   The estimated beta from the OLS on the market 

model (1) for less frequently traded stocks are therefore likely to be downward biased as the 

returns of these stocks are not perfectly synchronized with the market return, see for example 

Dimson (1979) and Scholes and Williams (1977). Dimson (1979) reviews several alternatives for 

correcting the bias. In this study the aggregating beta procedure with two lags and leads is 

adopted. The modified market model regression is  

  �� � �� � �������� � �������� � ���� � �������� � �������� � ��   (2) 

From which the Dimson beta is estimated as  

  ����� � ���� � ���� � �� � ���� � ����   (3) 
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2.2.   Downside Framework 

The CAPM beta is the commonly used measure of systematic risk. In the conventional 

framework risk is measured by the variance and variance treats upside and downside movements 

of returns equally. However empirical studies reveal that return distribution typically have fat tails 

and are not symmetrical.  

Bawa and Lindenberg (1977) in their interpretation of the CAPM in a downside framework 

defined downside beta as:  

  ���� � ��������  ��!,"�#
�$��  ��!,"�%&  (4) 

This downside beta can be articulated into a CAPM-like model based on downside risk. Such a 

model we propose in this paper  is given by 

  �� � �� � ������ � 	�   , � � 1, 2, … , � (5) 

As can be seen by a straightforward comparison of equation (1) and (5), the downside CAPM 

replaces the beta of the CAPM by the downside beta, the appropriate measure of systematic risk 

in a downside risk framework. 

 

2.3.  Market Condition 

Market condition is defined according to whether or not the market return exceeds a 

pre-specified threshold return. The up (down) market corresponds to the times in which the 

market return exceeds (falls below) the threshold.  Studies have used different thresholds. For 

example, Kim and Zumwalt (1979) use the average monthly market return, the average risk-free 

rate and zero as thresholds. Crombez and Vander Vennet (2000) define up/down market first 

based on whether the monthly market return is larger or smaller than zero and second based on 

the comparison of market returns with the return on a risk free investment. In this paper we 

adopt the second categorization from their study. An up market is defined if the market return in 

excess of the risk-free rate is positive. A down market is defined if the market return in excess of 

the risk-free rate is negative.  

Let  ' � ( 1  if ��� + 0
  0  otherwise 4                                                             (6) 

where ��� is market return in excess of the risk-free rate. Then in up market time periods δ =1 

and in down market time periods δ =0.  

 

 

469



5 | P a g e  

 

2.4.  Modelling market volatility regimes 

First, we fit a volatility model for daily market returns and obtain estimates of conditional 

variance 5��. Then based on the magnitude of these volatility estimates we classify each 

observation period into one of two market volatility regimes. For this purpose we define an 

function 6 as follows: 

6 � 7 1    if 5��  + 58
0    otherwise

4                                                               (7) 

where 58 is the x
th

 percentile of the conditional variance series, which is the threshold parameter. 

We consider three values of x: 
 
50, 75 and 90 corresponding to the median, third quartile and the 

90
th

 percentile respectively. The indicator function is used to partition the market volatility into 

two groups: times with low (6 � 0� market volatility and times with high (6 � 1� market 

volatility.  

 

3. Methodology 

Two kinds of portfolios are used in the analysis i.e. beta portfolios and downside beta 

portfolios. For beta portfolios, served as conventional framework, the beta estimated for the full 

sample time series regression are used to rank the stocks into 20 portfolios, from the lowest to 

the highest beta. The first portfolio consists of 12 stocks, while the rest comprise 16 stocks each. 

The portfolio return is calculated both as the equally weighted average return and value weighted 

return of the stocks in the portfolio. The construction method for the downside beta portfolios, 

served as downside framework is similar to that of the beta portfolios, except that the ranking of 

the stocks is based on their downside beta estimated for the full sample time series regression. 

The analysis of the risk return relationship is based on a two stage procedure. In the first 

stage of the analysis, the systematic risk CAPM beta as well as downside beta, Dimson beta, 

residual variance and skewness, are estimated. In the second stage we test whether the risks 

measure are priced or not. We test both for the unconditional model and conditional model 

based on market movement and market volatility.  

 

3.1  Stage 1 : Risk Estimation using time series data 

 In this stage we estimate the systematic risk CAPM beta as well as the downside beta, 

Dimson beta, residual variance and skewness using the method of ordinary least squares for a 

large group of sample portfolios using full period time series data. In this stage we will be able to 

discover whether or not the risks measures are stable. 
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3.2  Stage 2 : Estimation of cross-sectional relationship between risk and return 

The risk variables estimated for portfolios from the first stage are then cross sectionally 

regressed as model tested in this section.   

3.2.1.   Model Tested 

Fama and MacBeth (1973) employed beta, squared beta and the residual variance as the 

factors to explain cross section variation in expected returns. It is also of interest to test that the 

investors are only concerned with the mean variance trade-off and they do not consider the 

skewness ‘SK’ of the return distribution. Cooley et al. (1977) argues that skewness provides 

distinct and useful information apart from beta. Menezes et al. (1980) has mentioned skewness, 

among others, as a measure of downside risk. Thus, we developed the models described below. 

For unconditional model we have the following models: 

For beta portfolios we applied 3 different cross-section regressions for rolling regression, i.e.: 

1. ��� � 9"� � 9���� � :��  (8) 

2. ��� � 9"� � 9���� � 9����� � 9;�5�� � 9;�<=� � :��  (9) 

3. ��� � 9"� � 9������� � 9�������& � 9;�5����& � 9;�<=� � :��  (10) 

 

where ‘R’ represents the stock or portfolio return, ‘β’ is the systematic risk of the asset, a measure 

of co-movement of the asset return with that of the market and ‘σ2
’ is the residual variance of the 

market model regression, used as a measure of unsystematic risk. ‘SK’ is estimated as the relative 

skewness of returns
2
. From this general model several testable implications of the CAPM can be 

derived.   

Firstly, the fundamental CAPM hypothesis that the risk premium of beta is positive may be tested: 

>":  9@� � 0  against  >":  9@� + 0 where 9A� is the average risk premium associated with the CAPM 

beta estimated in the cross-sectional regressions. The CAPM implies that the risk-return relation is 

linear. This is tested with >":  9@� � 0 against >":  9@� B 0  where 9A�  is the average of γ2t estimated 

in the cross-sectional regression (9) and (10). In the CAPM context beta is the only relevant risk 

and the asset specific risk may be diversified away. This may be tested with >":  9@; � 0 against 

>":  9@; B 0.  Similarly a test of hypothesis on the premium associated with skewness in (9) and 

(10) may be used to test whether or not, in making investment decisions, the investors consider 
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the return distribution as symmetric. Scott and Horvath (1980) argue that investors dislike even 

moments in preference to the odd moments such as skewness. The movements in the right tail of 

the return distribution are considered beneficial to the investors so that an increase in skewness 

implies expectation of a smaller premium. This specifies a negative sign for the coefficient of the 

skewness in (9) and (10). Therefore significance of the skewness coefficient is tested with 

>":  9@D � 0 against >":  9@D + 0. The Sharp-Lintner version of the CAPM also implies that the asset 

uncorrelated with the market has expected return equal to the risk free rate. Then the intercepts 

in (8), (9) and (10) are expected to be zero. This is tested with >": 9A" � 0  against a two sided 

alternative. 

The daily frequency data has 2550 return observations. A set of rolling windows (250 

observations) are used to estimate systematic risk. The estimates of the risk are updated by 

discarding the first observation and including the observation next to the windows in the sample. 

This is continued till the last available data range for conducting the cross section regression (8), 

(9) and (10).  

For downside beta portfolios we applied 5 different cross-section regressions for rolling 

regression, i.e.: 

1. ��� � 9"� � 9"����� � :��  (11) 

2. ��� � 9"� � 9������ � 9���� � :��  (12) 

3. ��� � 9"� � 9������ � 9���� � 9;�5�� � :��  (13) 

4. ��� � 9"� � 9���� � :�� (14) 

5. ��� � 9"� � 9������ � 9��<= � :��  (15) 

Similar to the conventional model, in the downside beta portfolios we are interested to 

include the residual variance and skewness in the model. Those models are described in equation 

(13) and (15). We are also interest to see the individually performance of the CAPM beta and 

downside beta in cross section regression (11) and (14). Equation (12) was developed to see how 

the CAPM Beta and downside beta perform when they are jointly considered. The derivations of 

several testable implications are similar to the previous procedure.  

For conditional model based on market movement we have the following models: 

For beta portfolios we have applied 3 different cross-section regressions for rolling regression, 

i.e.: 

1.  ��� � '9"�E � �1 F '�9"�G � 9��E ' �� � 9��G �1 F '��� � :��                                                  (16) 
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2.  ��� � '9"�E � �1 F '�9"�G � 9��E '�� � 9��G �1 F '��� � 9��E ' ��� � 9��G �1 F '� ��� 

�9;�E ' 5�� � 9;�G �1 F '� 5�� � 9D�E ' <=� � 9D�G �1 F '�<=� � :��             (17) 

3. ��� � '9"�E � �1 F '�9"�G � 9��E ' ����� � 9��G  �1 F '������ � 9��E ' �����&
 

�9��G �1 F '� �����& �   9;�E ' 5����& � 9;�G �1 F '� 5����& � 9D�E ' <=� 

        �9D�G �1 F '�<=� � :��                                                                                               (18)    

Where δ = 1, when market excess return are positive and δ = 0 when market excess return 

are negative. The above relationship is examined for each day in the test period by estimating 

either 9HEor 9HG depending on the sign of market excess returns. Since 9HE is estimated in periods 

with positive market excess returns, the expected sign of this coefficient is positive. Hence the 

following hypotheses are tested: 

H0 : 9AHE � 0 

H1 : 9AHE + 0   ;  (k = 1, 2, 3, 4) 

Since 9HG is estimated in periods with negative market excess returns, the expected sign of this 

coefficient is negative. Hence the following hypotheses are tested: 

H0 : 9AHG � 0 

H1 : 9AHG I 0  ;  (k = 1, 2, 3, 4) 

A systematic conditional relationship between beta and realized returns is supported if, in both 

cases, the null hypothesis is rejected in favor of the alternative. 

For conditional model based on market volatility we have the following models: 

For beta portfolios we have applied 3 different cross-section regressions for rolling regression, 

i.e.: 

1. ��� � 69"�J � �1 F 6�9"�K � 9��J 6 �� � 9��K �1 F 6��� � :��  (19) 

2. ��� � 69"�J � �1 F 6�9"�K � 9��J 6�� � 9��K �1 F 6��� � 9��J 6 ��� � 9��K �1 F 6� ��� � 9;�J 6 5�� �
9;�K �1 F 6� 5�� � 9D�J 6 <=� � 9D�K �1 F 6�<=� � :��  (20) 

3. ��� � 69"�J � �1 F 6�9"�K � 9��J 6 ����� � 9��K  �1 F 6������ � 9��J 6 �����& � 9��K �1 F
6� �����& � 9;�J 6 5����& � 9;�K �1 F 6� 5����& � 9D�J 6 <=� � 9D�K �1 F 6�<=� � :��  (21) 

 

While for downside beta portfolios we have applied 5 different cross-section regressions for 

rolling regression, i.e.: 
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1. ��� � 69"�J � �1 F 6�9"�K � 9��J 6���� � 9��K �1 F 6����� � :��  (22) 

2. ��� � 69"�J � �1 F 6�9"�K � 9��J 6���� � 9��K �1 F 6����� � 9��J 6�� � 9��K �1 F 6��� � :��  (23) 

3. ��� � 69"�J � �1 F 6�9"�K � 9��J 6���� � 9��K �1 F 6����� � 9��J 6�� � 9��K �1 F 6��� �
9;�J 6 5�� � 9;�K �1 F 6� 5�� � :��  (24) 

4. ��� � 69"�J � �1 F 6�9"�K � 9��J 6 �� � 9��K �1 F 6��� � :��  (25) 

5. ��� � 69"�J � �1 F 6�9"�K � 9��J 6���� � 9��K �1 F 6����� � 9��J 6<=� � 9��K �1 F 6�<=� � :��  (26) 

 

where θ = 1 if market in the high volatility regime, and θ = 0  if market in the low volatility regime. 

We consider median, 3
rd

 quartile and 90
th

 percentile as threshold parameters that define the two 

volatility regimes.   

We assume that investors expect a premium to accept variation in the low volatility market and 

high volatility market. This means that we expect 9AHJand 9AHK  to be positive and their significance 

can be investigated by testing: 

H0 : 9AHJ � 0 

H1 : 9AHJ + 0  

and 

H0 : 9AHK � 0 

H1 : 9AHK + 0  ;  (k = 1, 2, 3, 4) 

We consider the median, third quartile and 90
th

 percentile of conditional volatility series 

as the threshold parameters. Each threshold parameter defines two volatility regimes: high and 

low.  We hypothesise that investors expect a premium to accept variation in the low volatility 

market as well as in the volatility market. This means that we expect the beta risk premiums and 

downside beta risk premiums to be positive. Our aim here is to investigate the risk-return 

relationships under high and low volatility regimes. 

4.   Data 

Data employed in this study includes daily returns on 316 stocks traded on the Jakarta 

Stock Exchange (JSX) in the period, 1 January 1996 – 31 December 2006. This data includes 2550 

observations. This study used the JSX Composite Index as a proxy for the market portfolio. The SBI 

(Interest rate of Bank Indonesia) was used as a proxy for the risk free rate of return for computing 

excess returns. The daily raw returns are calculated assuming continuous compounding of the 

return. 
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5. Empirical Result and Discussion 

5.1. Volatility model 

 The model that has been used successfully to capture volatility in financial time series is the 

family of ARCH models introduced in the seminal paper by Engle (1982). The ARCH model allows 

the current conditional variance to be a function of the past squared error terms. This is 

consistent with volatility clustering. Bollerslev (1986) later generalized the ARCH (GARCH) model 

such that the current conditional variance is allowed to be function of the past conditional 

variance and past squared error terms 

We consider that the market return has the mean equation: 

 ��� � L � :�  (27) 

and the conditional variance equation: 

 5�� � '" � '�:���� � '�5����  (28) 

This GARCH (1,1) model was estimated using the maximum likelihood approach for the 

Indonesia’s market returns assuming conditional normality in the standardized residuals 

 LA � 0.001232,        5�� � 0.00000568 � 0.108929:���� � 0.8776135����  (29) 

   (0.0000) (0.0000) (0.0000) (0.0000) 

All parameters in equation (29) are significantly different from zero at the 0.01 level. This is the 

model we use to characterize the low and high volatility regimes. 

5.2.  Conventional Framework 

Previous studies, following Fama and MacBeth, test for a positive linear relationship 

between risk and realized return. We analysed this relationship both in the conventional 

framework and downside framework. We also test the relationship for the unconditional model 

and unconditional model. In the portfolio formation, we also used equally weighted index and 

value weighted index 
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� Unconditional Model 

Table 1 

Estimates of Risk Premiums (for Portfolio based on CAPM Beta) 

Unconditional Model: 

 

Model 

Results in equal weighted portfolios   Results in value weighted portfolios 

 Mean t -statistic P-value  Mean t -statistic P-value 

1 
γ0 

γ1 

0.0001 

-0.0004 

0.80 

-0.94 

0.426 

0.349 

γ0 

γ1 

0.0001 

0.0005 

1.74 

-1.72 

0.083 

0.085 

2 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0000 

-0.0020 

0.0011 

2.8500 

0.0004 

-0.09 

-1.59 

1.41 

2.67 

2.34 

0.927 

0.112 

0.160 

0.008 

0.019 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0001 

0.0011 

0.0008 

0.4970 

0.0000 

3.29 

-2.38 

2.08 

1.06 

3.09 

0.001 

0.017 

0.038 

0.289 

0.002 

3 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0000 

-0.0017 

0.0005 

2.7010 

0.0004 

0.28 

-1.54 

0.80 

2.71 

2.28 

0.782 

0.124 

0.425 

0.007 

0.022 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0000 

0.4660 

0.0006 

0.0010 

0.0001 

3.27 

-2.15 

1.52 

0.67 

2.73 

0.001 

0.032 

0.129 

0.503 

0.006 

1. ��� � 9"� � 9���� � :��  

2. ��� � 9"� � 9���� � 9����� � 9;�5�� � 9;�<=� � :�� 

3. ��� � 9"� � 9������� � 9�������& � 9;�5����& � 9;�<=� � :�� 

 

 Result for the estimates of risks premium using portfolio based on CAPM beta can be seen in 

table 1. For the first model, we found that there are no significant relationship between risk and 

return for equal weighted portfolios. Different results are obtained when value weighted 

portfolios are applied. The risk return relationship is significant at the 0.10 level but with a 

negative sign. The second model employed beta, squared beta, variance and skewness to see 

their relationship with the return.  Again we found that beta has no significant relationship with 

return for equal weighted portfolios but is found significant with a negative sign when we 

employed value weighted data. Squared beta gives a similar result but this time it has positive 

sign when using value weighted portfolios.  Variance is found significantly positive in equal 

weighted portfolios but not significant in value weighted portfolios. The relationship between 

skewness and return is found positively significant at the 0.05 level, both in equal and value 

weighted data. The third model shows the risk return relationship is similar to the second model 

but in this case we used Dimson beta instead of CAPM beta.
3
 

                                                           
3
 Correlation analysis between CAPM Beta and Dimson beta shows that they are highly correlated at 0.01 

level 
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 Extant literature cites that this weak correlation and the inter-temporal inconsistency as 

evidence against a systematic relationship between risk and return. We argue that the above 

results are biased due to the aggregation of positive and negative market excess return periods. 

Given the conditional relation between risk (beta) and realized return, we test the dual hypothesis 

of a positive relation between beta and returns during periods of positive market excess returns 

and a negative relation during period of negative market excess returns. The regression estimates 

are presented in Table 2. 

 

� Conditional Model – market movement 

Table 2 

Estimates of Risks Premium (for Portfolio based on CAPM Beta) 

 Conditional Market Movement Model: 

Model 
Results in equal weighted portfolios   Results in value weighted portfolios 

Market  

Condition 
 Mean t -statistic P-value  mean t-statistic P-value 

1 

UP 
γ0 

γ1 

0.0012 

0.0119 

6.00 

23.51 

0.000 

0.000 

γ0 

γ1 

0.0017 

0.0102 

9.63 

15.75 

0.000 

0.000 

DOWN 
γ0 

γ1 

-0.0010 

-0.0130 

-5.10 

-24.04 

0.000 

0.000 

γ0 

γ1 

-0.0013 

-0.0120 

-7.17 

-18.57 

0.000 

0.000 

2 

UP 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0007 

0.0156 

-0.0033 

3.8000 

0.0009 

2.19 

9.73 

-3.29 

2.53 

3.70 

0.014 

0.000 

0.999 

0.006 

0.000 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0013 

0.0168 

-0.0049 

-2.1650 

0.0002 

5.71 

11.74 

-4.41 

-3.27 

1.89 

0.000 

0.000 

1.000 

0.999 

0.030 

DOWN 

γ0 

γ1 

γ2 

γ3 

γ4 

-0.0008 

-0.0203 

0.0057 

1.8600 

-0.0001 

-2.21 

-11.23 

4.83 

1.22 

-0.32 

0.014 

0.000 

1.000 

0.889 

0.375 

γ0 

γ1 

γ2 

γ3 

γ4 

-0.0003 

-0.0229 

0.0086 

3.3230 

0.0002 

-1.36 

-14.88 

7.45 

4.52 

2.48 

0.086 

0.000 

1.000 

1.000 

0.993 

3 

UP 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0002 

0.0126 

-0.0022 

7.2000 

0.0010 

0.65 

8.34 

-2.24 

5.30 

3.83 

0.259 

0.000 

0.987 

0.000 

0.000 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0009 

0.0147 

-0.0042 

-0.3700 

0.0002 

3.81 

10.90 

-4.48 

-0.60 

1.97 

0.000 

0.000 

1.000 

0.725 

0.024 

DOWN 

γ0 

γ1 

γ2 

γ3 

γ4 

-0.0001 

-0.0166 

0.0034 

-1.9700 

-0.0001 

-0.25 

-10.15 

3.19 

-1.36 

-0.47 

0.401 

0.000 

0.999 

0.087 

0.318 

γ0 

γ1 

γ2 

γ3 

γ4 

0.0001 

-0.0199 

0.0065 

1.0210 

0.0001 

0.63 

-13.91 

6.61 

1.46 

1.89 

0.734 

0.000 

1.000 

0.928 

0.971 

1.  ��� � '9"�E � �1 F '�9"�G � 9��E ' �� � 9��G �1 F '��� � :�� 
2.  ��� � '9"�E � �1 F '�9"�G � 9��E '�� � 9��G �1 F '��� � 9��E ' ��� � 9��G �1 F '� ��� �9;�E ' 5�� �

9;�G �1 F '� 5�� � 9D�E ' <=� � 9D�G �1 F '�<=� � :�� 
3. ��� � '9"�E � �1 F '�9"�G � 9��E ' ����� � 9��G  �1 F '������ � 9��E ' �����&

 �9��G �1 F '� �����& �
  9;�E ' 5����& � 9;�G �1 F '� 5����& � 9D�E ' <=�   �9D�G �1 F '�<=� � :�� 
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 Examination of the estimated regression coefficients provides strong support for a systematic 

but conditional relation between beta and realized returns. From the first model, for which the 

market excess return is positive, the high beta portfolios should outperform the low beta 

portfolios. This expectation is confirmed by the mean value of 0.011907 for equal weighted, 

which is significantly different from zero at the 0.01 level (t=23.51). Value weighted data gives 

similar results. This result shows that high beta portfolios receive a positive risk premium during 

an up market. The other premium is estimated in which market excess return is negative. The 

expected negative relationship between realized returns and portfolio beta should produce 

negative values for this premium. The mean value of -0.013 is significantly different from zero at 

the 0.01 level (t=-24.04) for equal weighted data. Value weighted data gives similar output. This 

result shows that, as expected high beta portfolios incur lower returns during the down market 

than low beta portfolios.  

 Table 2 also presents the result for estimates premium when beta, squared beta, the residual 

variance and skewness are employed to explain cross section variation in expected returns in the 

second model. The beta return relationship has similar findings as compared to the first model 

which is support for a systematic but conditional relation between beta and realized return. The 

third model which is using Dimson beta instead of CAPM also presents the same results. The other 

interesting result is that the skewness is found positively significant in the up market for both 

model 2 and model 3 but it is not significant in the down market. The squared beta and residual 

variance are found insignificant in most cases. 

 

� Conditional Model – market volatility 
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Table 3 presents the estimation of premium for portfolios based on CAPM beta conditional on 

market volatility. From the table above, we can see that the low and high volatility regimes looks 

more pronounced with 3
rd

 quartile and 90
th

 percentiles as the threshold parameters but only in 

the low volatility regime is the beta risk premium significantly different from zero. Using median 

as the threshold parameters shows that the beta risk premium is not significant. However, overall 

the result shows that beta risk premium has the sign opposite to what was expected. None of the 

beta risk premium has the correct sign. Skewness appears positive and significantly different from 

zero when 3
rd

 quartile and 90
th

 percentiles are used as the threshold parameters. This unexpected 

result may happen because we ignore the market movement condition. By incorporating the 

market movement (up/down) a stronger explanation of the beta risk return relationship maybe 

provided. 

5.3.  Downside Framework 

� Unconditional Model 

Table 4 

Estimates of Risk Premium (for Portfolio based on Downside Beta) 

for Unconditional Model 

 

Results in equal weighted portfolios   Results in value weighted portfolios 

Model Coef Mean t-statistic p-value Coef mean t-statistic p-value 

1 
γγγγ0 

γγγγ1 

0.0005 

-0.0009 

3.71 

-1.93 

0.000 

0.054 

γγγγ0 

γγγγ1 

0.0003 

-0.0006 

1.80 

-1.56 

0.072 

0.118 

2 

γγγγ0 

γγγγ1 

γγγγ2 

0.0011 

-0.0068 

0.0065 

6.18 

-5.15 

4.51 

0.000 

0.000 

0.000 

γγγγ0 

γγγγ1 

γγγγ2 

0.0008 

-0.0058 

0.0054 

4.17 

-5.06 

4.56 

0.000 

0.000 

0.000 

 3 

γγγγ0 

γγγγ1 

γγγγ2 

γγγγ3 

0.0012 

-0.0082 

0.0075 

0.4500 

6.54 

-5.18 

4.69 

0.44 

0.000 

0.000 

0.000 

0.661 

γγγγ0 

γγγγ1 

γγγγ2 

γγγγ3 

0.0010 

-0.0075 

0.0069 

0.4430 

4.88 

-5.93 

5.53 

0.60 

0.000 

0.000 

0.000 

0.547 

 4 
γγγγ0 

γγγγ1 

0.0003 

-0.0007 

2.75 

-1.45 

0.006 

0.146 

γγγγ0 

γγγγ1 

-0.0001 

-0.0002 

-0.50 

-0.58 

0.616 

0.559 

5 

γγγγ0 

γγγγ1 

γγγγ2 

0.0007 

-0.0010 

0.0006 

4.20 

-2.19 

4.27 

0.000 

0.028 

0.000 

γγγγ0 

γγγγ1 

γγγγ2 

0.0007 

-0.0008 

0.0004 

3.43 

-1.94 

5.03 

0.001 

0.052 

0.000 

1. ��� � 9"� � 9"����� � :��  

2. ��� � 9"� � 9������ � 9���� � :��  

3. ��� � 9"� � 9������ � 9���� � 9;�5�� � :��  

4. ��� � 9"� � 9���� � :��  

5. ��� � 9"� � 9������ � 9��<= � :��  

 

 Result for the estimates of risks premium using portfolio based on downside beta can be 

seen in table 4. For the first model, we found that there is no significant relationship between 
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beta risk and returns for value weighted portfolio. Different results are obtained when equal 

weighted portfolios are applied. The risk return relationship is significant at the 0.10 level but with 

a negative sign. The second model employed CAPM beta and downside beta to see their 

relationship with the return.  Here we found that beta has a significant relationship with return 

both for equal weighted and value weighted data. However, the downside beta risk premium 

gives the opposite sign to expectation. When we incorporating residual variance in the third 

model, it shows that the premium of residual variance is not significantly different from zero. The 

4
th

 equation presents the CAPM beta risk return relationship in portfolios based on downside 

beta. The results show that the premium of CAPM beta is not significantly different from zero 

with opposite sign. The last equation explain the cross sectional relationship between return, 

downside beta and the skewness. The CAPM betas are significant both in equal and value 

weighted portfolios with the negative sign. The skewness premiums are also significantly different 

from zero with positive sign both in equal and value weighted portfolios.  
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Table 5 presents the estimation of premium for portfolio based on downside beta 

conditional on market volatility. From the table above, we can see that the low and high volatility 

regimes looks more pronounced with 3
rd

 quartile and 90
th

 percentiles as the threshold parameters 

but only in the low volatility regime are the beta risk premium and downside beta risk premium 

significantly different from zero. Using median as the threshold parameters shows that the beta 

and downside risk premium are not significant. Significantly different from zero, those premiums 

have the sign opposite to what was expected.  

When we put together CAPM and downside beta in one model, in equation2, we see a 

different result. In the high volatility regime, the CAPM beta risk premium is found significantly 

different from zero with the right sign while the downside beta premium is not significant with 

the opposite sign. Vice versa, in the low volatility regime, the downside beta premiums are 

significantly different from zero but with opposite sign, while the CAPM beta risk premium is not 

significantly different from zero but with the right sign. 

The inclusion of the residual variance in the 3
rd

 model produces no difference in result. 

The residual variance premium is not significantly different from zero. The application of using 

equal and value weighted gives a slightly different result in the 4
th

 equation which is in the value 

weighted case the CAPM beta premium gives no significant relationship with returns while in 

equal weighted data it shows that in low volatility regimes the CAPM beta return relationship 

exist but with the opposite sign. The skewness in the last model appears significant only in the 

high volatility regimes and none of them is significantly different from zero in the low volatility 

regimes. 

 

7. Conclusion 

This paper analyses unconditional and conditional risk-return relationships on the 

Indonesian Stock Exchange (formerly Jakarta Stock Exchange) over the period 1996 to 2006. The 

relationships are derived under the conventional and downside frameworks and investigated in a 

set of value weighted and equal weighted portfolios constructed from a sample of stocks in the 

Indonesian market.  The unconditional models fail to explain the risk-return cross-sectional 

relationship. In the conditional model based on market condition (up/down) a significant 

relationship between the CAPM beta and cross-sectional portfolio returns is observed. To 

accommodate market movement in the pricing models two volatility regimes are specified based 

on the level of conditional volatility of market returns. In the low volatility regime the beta risk 

premium and downside beta risk premium are significantly different from zero. However their 

signs are opposite to what is expected. In the models under the conventional framework 
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skewness appears to be priced only in the up market and in the high volatility regime. These 

observations suggest that beta as a reliable asset allocation tool might depend on the ability of 

investors to anticipate potential movement in equity markets. Inclusion of factors such as squared 

systematic risk, residual variance and skewness generally do not provide additional explanatory 

power of variation in the return in the cross-section. Overall, there is no considerable difference 

in the results when equal weighted portfolios and value weighted portfolios are used. Further, 

when corrected for thin trading the conclusions remain largely unchanged. 
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Abstract 
 

Investors’ attitude towards risk is a key factor driving the movement in asset prices.  
Global reduction in investors’ risk appetite has coincided with episodes of global 
financial market correction.  In this paper, we derive a measure for risk appetite based 
on the methodology of Gai and Vause (2006) for investors in the US, the UK, Germany, 
Japan, and Hong Kong, and use them to help assess the issues of financial integration 
and financial market interdependence.  Indicators are constructed to gauge the 
relationship between the risk appetite and the extent of financial integration between 
these stock markets.  The results from the indicators point to very limited financial 
integration between these five financial markets.  Furthermore, the degree of 
co-movement between risk appetite measures and the stock and bond market 
performance is examined using the dynamic conditional correlation.  The empirical 
results reveal that there exists interdependence between the changes in the risk appetite 
and the stock market returns in the US, Japan and Hong Kong, while the 
“flight-to-quality” phenomenon is apparent in the bond market of the five economies. 
 
Keywords: Risk appetite; Financial integration; Market interdependence 
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I. INTRODUCTION 
 

Investors’ attitude towards risk has increasingly been cited as a key factor 
driving the movement in asset prices.  A systematic shift in investors’ attitude towards 
risk, or a decline in investors’ risk appetite, may cause correlation among prices of 
different financial assets, thus undermining financial stability and heightening the risk of 
financial contagion.  Therefore, it is important to central banks to have the necessary 
tools that allow the policy makers to track the dynamics of investors’ risk appetite and 
understand the possible linkages between the risk appetites across different markets.  
However, in recent studies, the focus is mainly on developing indicators to measure the 
risk appetite and showing the coincidence between episodes of financial turmoil in 
individual countries and abrupt declines in market sentiment from risk seeking to risk 
avoidance.2

 
This paper contributes to the literature by applying the risk appetite 

measure to central banks’ monitoring work in two aspects.  First, it investigates whether 
changes in the risk appetite are correlated among different economies (the US, the UK, 
Germany, Japan and Hong Kong in this paper) and provides a measure of financial 
integration between them.  Second, by examining the degree of co-movement between 
the risk appetite measures and the stock and bond market performance, it sheds the light 
on the interdependence between the stock and bond markets in these economies, which 
may give rise to possible contagion risk during financial market turmoil. 

 
The remainder of this paper is organised as follows.  In Section II, 

we provide a brief discussion on how we derive the risk appetite measures for the five 
economies.  In this study, the derivation of the risk appetite measures is based on the 
methodology recently proposed by Gai and Vause (2006).  Section III reviews the issues 
related to financial integration and provides the various integration indicators used in this 
study.  The estimation results of the integration indicators and the empirical evidence of 
financial market interdependence based on dynamic conditional correlations are 
presented in Section IV.  Section V is a summary and conclusion. 
 

                                                 
2 A survey of risk appetite indicators can be found in Illing and Aaron (2005). 
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II. MEASURE OF INVESTORS’ RISK APPETITE 
 

The degree of investors’ risk appetite can not be observed directly in the 
market.  In the literature, there are different market-based and theory-based risk appetite 
measures proposed by financial institutions, central banks as well as international 
organisations for monitoring purposes.3  In this study, we utilise the methodology 
recently developed by Gai and Vause (2006) to derive the risk appetite measure which 
has its origin from the basic pricing equation in the asset pricing theory.4  While the 
analysis of asset pricing shows that risky assets can be priced by evaluating the 
expectation of discounted payoffs in terms of investors’ subjective probabilities about 
various states of the world, risk-free asset can be equivalently determined by discounting 
payoffs using the risk-free rate and evaluating expectations based on a set of risk-neutral 
probabilities.  In their paper, Gai and Vause show that the measure of risk appetite can 
be determined once the subjective and the risk-neutral probability density functions over 
future asset returns are estimated. 

 
This study follows Gai and Vause’s method and estimates the investor’s 

subjective and the risk-neutral probability density (RND) functions over future asset 
returns, in this case the stock market returns.  The underlying stock market indices of 
the five economies where investors’ risk appetite measures are derived are: 
 

 Economy   Benchmark stock market index

 The US:   S&P 500 Index 
 The UK:   FTSE 100 Index 
 Germany:  DAX 30 Index 
 Japan:   Nikkei 225 Stock Average 
 Hong Kong:  Hang Seng Index 

 
The benchmark stock market indices are taken from CEIC.  Historical 

S&P 500 Index Option data are provided by the Chicago Board Options Exchange 
(CBOE), while the index option data of other stock market indices are taken from 
Bloomberg.  For each underlying stock market index, seven spot month contracts are 
considered for the RND estimation.  These seven contracts have strike prices at the 

                                                 
3 Examples of risk appetite measures include the JPMorgan Liquidity, Credit and Volatility Index (LCVI), 

the Merrill Lynch Financial Stress Index, the State Street’s Investor Confidence Index, the Credit Suisse 
First Boston Risk Appetite Index, the Goldman Sachs Risk Aversion Index, the Chicago Board Options 
Exchange Volatility Index (VIX), the Kumar and Persaud (2002) Global Risk Appetite Index (GRAI) 
used by the IMF, the Tarashev et al. (2003) Risk Appetite Index used by the BIS, and the Gai and 
Vause (2006) Risk Appetite Index used by the Bank of England and the HKMA. Illing and Aaron (2005) 
provide a brief survey of these risk appetite measures. 

4 The approach by Gai and Vause (2006) has some advantages over other alternative measures.  For 
instance, the index developed by Gai and Vause is easier to interpret than the JPMorgan LCVI because 
of the latter’s ad hoc methodology to aggregate different financial risks. 
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current index level and at three strike intervals above and below the current index level.5  
The risk-free interest rate used in the RND estimation is the one-month interbank rate of 
the respective economy.6

 
According to Gai and Vause (2006), the unit price of risk ( ) at time t 

can be derived as: 
tλ
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where  is the gross risk-free rate of return at time t,  is the RND of the asset 

price s at time t,  is the subjective history implied density function of the asset 

price s at time t, and var( ) is the variance operator.  The unit price of risk  is the 
expected excess return that investors require to hold each unit of risk of an asset in 
equilibrium.  Risk appetite, which is the willingness of investors to bear risk, can 
therefore be defined as the natural logarithm of the inverse of 

f
tR )(* sf t

)(sft

λ

λ . 
 
In this study, similar to Gai and Vause, the subjective probability 

distribution of future asset returns is derived from the GARCH (1,1) model, while the 
risk-neutral density function is estimated by option prices using the two-lognormal 
mixture models.  Full details of the estimation methodology are given in Appendix I. 

 
Chart 1 shows the movements of the derived risk appetite measures for 

investors in the stock markets of the US, the UK, Germany (graph 1a), Japan and 
Hong Kong (graph 1b) from their earliest data available up to December 2007.7    
Higher values of this measure are interpreted as an indication of higher risk appetite 
(higher investor tolerance of risk) for investors. 

                                                 
5 The strike interval is different for different stock market index options.  It is 5 index points for the 

S&P 500 Index Option, 25 index points for the FT100 Index Option, 50 index points for the DAX 30 
Index Option, 500 index points for the Nikkei 225 Stock Average index Option, and 200 index points 
for the Hang Seng Index Option. 

6 For the US, it is the US dollar London Interbank Offered Rate (LIBOR).  The British Pound LIBOR 
for the UK, the Frankfurt Interbank Offered Rate for Germany, the Tokyo Interbank Offered Rate for 
Japan and the Hong Kong Interbank Offered Rate for Hong Kong.  Data are taken from Bloomberg. 

7 The starting dates of the risk appetite measures vary due to the availability of index option data.  The 
risk appetite measure for the US starts from December 2001.  It is February 1999 for the UK, January 
2000 for Germany, December 1999 for Japan and January 1996 for Hong Kong. 
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Chart 1.  Risk appetite measures of different stock markets 

(a) The US, the UK and Germany (b) Japan and Hong Kong 
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Source: HKMA staff estimates. 
 
 

Similar to the observation by Illing and Aaron (2005), the risk appetite 
measures in the two graphs in Chart 1 are quite volatile.  Despite this, they generally 
conform to the asset price swings in recent episodes of extreme market sentiment.  
For example, in the case of the US in Chart 1a, the risk appetite measure declined when 
the sub-prime problem and the subsequent credit crunch emerged in July-August 2007.  
In the case of Hong Kong in Chart 1b, the risk appetite measure dropped abruptly to a 
low level during the period between October 1997 and January 1998 amid the 
speculative attack against the Hong Kong dollar resulting in great financial market 
distress.  The burst of the “technology bubble” in mid-2000 and the subsequent bear 
market until the end of 2002 coincided with the gradual decline of the risk appetite 
measure.  The bull run in the Hong Kong stock market starting from the second half of 
2006 was also reflected in the sharp rise of the measure. 

 
In the analyses that follow, we investigate the financial market integration 

and contagion issues through the examination of the risk appetite measures and their 
interactions with the stock and bond markets.8

                                                 
8 The examination is based on both the changes of these measures and also the levels when it is 

appropriate. 
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III. FINANCIAL INTEGRATION AND INTEGRATION INDICATORS 
 

There is, in general, no universal definition of financial integration.  
Financial openness, free movement of capital and integration of financial services are 
part of a broad range of definition frequently cited in the literature.9  One commonly 
used definition of financial integration is that financial markets are said to be integrated 
when the law of one price holds.  Korajczyk (1995) notes that if markets are financially 
integrated, the price of risk should be the same across markets.  Since the Gai and 
Vause’s measure of risk appetite is defined as the inverse of the price of risk, we make 
use of their measure and study the issue of financial integration by investigating whether 
investors’ willingness to bear risk is the same across different markets. 

 
For monitoring purposes, it is desirable for policy makers to have 

indicators that are frequently available.  In this study, we use monthly data to construct 
several indicators to measure different dimensions of market integration in the five stock 
markets (namely the US, the UK, Germany, Japan and Hong Kong), including 
 
1. cross-market dispersion and correlation; 
2. the component factors based on the principal component analysis; 
3. time-varying β  estimated via Haldane and Hall (1991) Kalman filter method; and 
4. dynamic conditional correlation.10

 
These indicators are mainly model-based and provide high frequency 

measures for regular monitoring purposes (see Table 1 below for a summary of the 
integration indicators in this study).   Detailed discussions on the methodologies of 
constructing these indicators and their interpretation are presented in Appendix II.    
Given that the construction of these indicators is subject to technical limitations and 
modelling assumptions, as well as the rather short data sample available, these indicators 
should be interpreted with caution and taken as indicative but not conclusive evidences 
on the general trend of the integration process. 
 

                                                 
9 In some studies, regulatory and institutional factors such as the relaxation of capital controls, financial 

liberalisation, prudential regulations, efficiency of the legal systems and the standardisation of market 
framework are also cited as measures of financial integration.  These measures, however, are less 
popular than price-based measures in a regular monitoring framework as they are not timely available. 

10 Changes in risk appetite are used for the derivation of the cross-market dispersion and correlation, the 
Haldane and Hall (1991) Kalman filter indicator and the dynamic conditional correlation, while both 
levels and changes are used respectively in the principal component analysis. 
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Table 1.  Summary of integration indicators 

Method Indicator Indication of market 
integration 

Cross-market dispersion 
and correlation 

Hodrick-Prescott filtered 
dispersion and correlation 

Falling dispersion and high 
level of positive correlation 
imply higher convergence and 
larger co-movement 
 

Principal component 
analysis 

The factors derived from the 
principal component analysis 

The identification of a small 
number of common factors 
which are able to explain a 
high proportion of total 
variance among the risk 
appetite measures 
 

Haldane and Hall (1991) 
Kalman filter method 

Time-varying β  estimated 
via Kalman filter 

Average  moving towards 
zero indicates an increasing 
sensitivity to regional 
influence 

β

 

Dynamic conditional 
correlation (DCC) 
model 

Time-varying correlation 
estimated from the DCC 
model 

The higher the correlation, the 
larger the co-movement 
between markets is 

 
 
IV. ESTIMATION RESULTS 
 
4.1 Integration indicators and financial integration 

 
The risk appetite measures of investors in the stock markets of the US, 

the UK, Germany, Japan and Hong Kong, as shown in Chart 1, are used to examine the 
financial integration between these stock markets.  This is done by looking at whether 
investor sentiment (as indicated by these risk appetite measures) spreads over national 
boundaries. 

 
As a preview, Tables 2 and 3 provide the simple cross-market correlation 

coefficients between these risk appetite measures in their levels and their changes 
respectively. 
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Table 2.  Cross-market correlation matrix of risk appetite measures  
 

(a) Common sample (December 2001 to December 2007)

 US UK Germany Japan Hong Kong 

US 1.000 0.002 0.272* –0.155 –0.103 

UK  1.000 0.277* 0.102 –0.047 

Germany   1.000 –0.099 –0.279* 

Japan    1.000 0.385* 

Hong Kong     1.000 

(b) Pair-wise bilateral sample

 US UK Germany Japan Hong Kong 

US 1.000 0.002 0.272* –0.155 –0.103 

UK  1.000 0.219* 0.068 0.188 

Germany   1.000 0.090 0.047 

Japan    1.000 0.421* 

Hong Kong     1.000 

Note: * indicates significance at the 5% confidence level. 
Source: HKMA staff estimates. 

 
 
Table 2 shows that in their levels, the cross-market correlation coefficients 

range from –0.28 to 0.42.  Less than half of the cross-market correlation coefficients are 
statistically different from zero, suggesting a very limited co-movement between these 
risk appetite measures.  The pair of risk appetite measures that has the highest (positive) 
correlation coefficient is Japan and Hong Kong at 0.385 (common sample) and 0.421 
(pair-wise bilateral sample), while the correlation coefficients between the US and 
Germany as well as the UK and Germany are around 0.2 and 0.3. 

 
 

 

493



- 11 - 

 
Table 3.  Cross-market correlation matrix of changes in risk appetite 

 

(a) Common sample (January 2002 to December 2007)

 US UK Germany Japan Hong Kong 

US 1.000 –0.054 0.127 –0.116 –0.219 

UK  1.000 0.124 0.027 –0.067 

Germany   1.000 –0.177 –0.207 

Japan    1.000 0.128 

Hong Kong     1.000 

(b) Pair-wise bilateral sample

 US UK Germany Japan Hong Kong 

US 1.000 –0.054 0.127 –0.116 –0.219 

UK  1.000 0.070 –0.096 0.058 

Germany   1.000 –0.166 –0.188 

Japan    1.000 0.093 

Hong Kong     1.000 

Source: HKMA staff estimates. 

 

 
For the changes in their risk appetites, the co-movement is even smaller.   

The correlation coefficients range from –0.22 to 0.13 and none of them is statistically 
different from zero, suggesting that there is little connection between the changes in risk 
appetite among these economies. 

 
 

4.1.1 Cross-market dispersion and correlation 
 
The cross-market dispersion approach suggests a sense of convergence 

between the changes in the risk appetite measures if their discrepancy is falling and 
becoming small.  The series of dispersion is filtered using the Hodrick-Prescott (HP) 
smoothing technique to reveal the long-term trend component of the series. 
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Chart 2.  Cross-market dispersion indicator 
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Chart 2 shows that the dispersion depicts a gradual decline since 
mid-2004, suggesting that the variation between the changes in the risk appetite 
measures has narrowed and some kind of convergence process may have taken place but 
then stalled since mid-2006.  As the dispersion indicator does not provide any 
indication of co-movement, Chart 3 illustrates the cross-market covariance and 
correlation. 
 

Chart 3.  Cross-market covariance and correlation of the changes 
in the risk appetite measures 
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The cross-market correlation is defined as the ratio of cross-market 
covariance to the square of cross-market dispersion.  An increase in the correlation can 
stem either from an increase in the covariance or from a reduction in the dispersion.  
The cross-market correlation as shown in Chart 3b varies and ranges from -0.25 to 0.81.  
From the HP filtered trend line, it is shown that the only significant positive correlation 
was around late 2004 to early 2006 (which coincides with the gradual decline in the 
dispersion and the increase in covariance).  The cross-market correlation was slightly 
negative by the end of 2007.  Judging from the cross-market dispersion and the 
correlation of the risk appetite measures, even though the dispersion indicator has 
narrowed, it has stalled since mid-2006.  With the low level of cross-market correlation, 
the extent of market integration between these five stock markets is not apparent. 
 
 
4.1.2 Principal component analysis 
 

The main objective of principal component analysis (PCA) is to find a 
small number of factors that can explain most of the variation in the original data series.  
In many studies, the PCA has been used regularly as one of the tools for the 
identification of a common factor among different risk measures.  For instance, with a 
set of eight risk premia on corporate bond spreads and swap spreads of the euro area, 
the US and emerging markets, Coudert and Gex (2006) are able to derive the first 
component factor which explains 68% of the common variation of these risk premia.  
With the risk aversion indicators of the US, the UK and Germany, Tarashev et al. (2003) 
derive the first principal component which accounts for 80% of the overall variation in 
its constituent series.  This is interpreted as a common factor driving the dynamics of 
the three risk aversion indicators.  In this section, the risk appetite measures of the five 
stock markets in both their levels and changes are used in the PCA to extract a list of 
common factors.11  Table 4 reports the PCA result based on the level. 

                                                 
11 The PCA is conducted after mean centering the original risk appetite measures, either in their levels or 

changes.  For the definition of mean centering and other details, please refer to Appendix II. 
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Table 4.  Principal component analysis result 

(based on the levels) 
 

Eigenvalue Value Proportion of variance explained 

1 1.424 0.285 

2 1.183 0.237 

3 0.939 0.188 

4 0.789 0.158 

5 0.664 0.133 

Note: Each eigenvalue represents the proportion of variance accounted for by the corresponding 
principal component (PC).  Normally, the first principal component accounts for as much 
of the variability in the data as possible, and each succeeding component accounts for as 
much of the remaining variability as possible. 

Source: HKMA staff estimates. 

 
 

Two criteria are used to choose the number of principal components in 
this analysis.  The Kaiser (1960) criterion keeps those principal components with their 
corresponding eigenvalues greater than one.  The Joliffe (1972) criterion discards 
those remaining principal components once the percentage of explained variance 
reaches a certain threshold (for example 80%).  The result shown in Table 4 indicates 
that the first two principal components, PC1 and PC2, satisfy the Kaiser criterion as 
their corresponding eigenvalues are greater than one.  However, these two PCs 
account for only 52.2% of the variability in the data, with the PC1 explaining a mere 
28.5% of the common variation.  Based on the Joliffe criterion, it takes a total of four 
PCs against the five risk appetite measures in order to account for about 87% of the 
total variance of these measures.12  These findings seem to suggest that there does not 
exist one common factor that drives these risk appetite measures. 

 
The systematic shift in investors’ risk appetite across financial markets 

can also be assessed by how the changes in the risk appetite measures are correlated.  
Table 5 reports the PCA result based on the changes in the risk appetite measures in the 
five economies. 
 

                                                 
12 If the underlying series are highly correlated, normally it takes only a few component factors to explain 

a large bulk (for example 80%) of the total variance, and the first component factor, which is generally 
interpreted as the common factor of the underlying series, usually constitutes the largest proportion 
(60% to 70%) of the common variation. 
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Table 5.  Principal component analysis result 
(based on the changes in the risk appetite measures) 

 

 Value Proportion of variance explained 

1 1.314 0.263 

2 1.058 0.212 

3 1.036 0.207 

4 0.827 0.165 

5 0.765 0.153 

Note: Each eigenvalue represents the proportion of variance accounted for by the corresponding 
principal component (PC).  Normally, the first principal component accounts for as much 
of the variability in the data as possible, and each succeeding component accounts for as 
much of the remaining variability as possible. 

Source: HKMA staff estimates. 

 
Based on the Kaiser criterion, the first three PCs are chosen as their 

corresponding eigenvalues are greater than one.  Nevertheless, these three PCs account 
for less than 70% of the total variance, with the first PC explaining only 26.3% of the 
variability of the original data.  In terms of the Joliffe criterion, a total of four PCs is 
needed to reach the threshold of 80% explained variability.  Therefore, similar to the 
results based on the level measure, there does not exist any significant factor driving the 
changes in the risk appetites in these economies. 
 

From the above PCA, the dynamics of the risk appetite measures, either in 
levels or changes, are likely to be driven by more than one factor.  As a result, the five 
stock markets together are hardly integrated.13

 
4.1.3 Haldane and Hall (1991) Kalman filter method 
 

For this indicator, we take the changes in the US’s risk appetite measure 
as the dominant source.  Based on the signal equation of Equation (A10) in Appendix II, 
the estimated β  measures the sensitivity of an individual economy’s risk appetite 
changes to that in the US relative to that in another economy.  An economy’s risk 
appetite changes which are more sensitive to the changes in the risk appetite in the US 
will show s trending close to one, a sign interpreted as a convergence (or integration) β

                                                 
13 It is noted that Tarashev et al. (2003) obtain the first principal component which accounts for 80% of 

the overall variation in its three risk aversion indicators of the US, the UK and Germany.  To examine 
whether this is still true in recent years, we also apply the PCA on the risk appetites of these three 
economies using our risk appetite measures.  The new PCA results show that the first principal 
component only accounts for 44% of the common variation in the three risk appetite measures in their 
levels and 38% in their changes respectively.  The new results suggest that there is only a weak 
common factor driving the dynamics of the risk appetite measures in these three economies.   
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with the US market.  A tendency for β  to approach towards zero suggests a 
convergence with another market.  Negative values of β  or β s greater than one 
suggest that the market drifts away from the US and the other markets.  Chart 4 shows 
the patterns of the  estimates for each of the market other than the US. β

 
Chart 4.  Haldane and Hall sensitivity indicator (β ) 

(based on the changes in the risk appetite measures) 
  

Hong Kong Japan 

UK Germany 

Note: A tendency for  to approach towards one suggests a convergence with the US’s 
risk appetite change. 

β

Source: HKMA staff estimates. 
 

From Chart 4, in the case of Hong Kong, its β  estimates are found to be 
more sensitive to the changes in the risk appetite measures of the UK and Germany, as 
the respective  estimates were closer to zero (around 0.1) than one in the period 
between January 2002 and September 2003.  They began to trend upward in 2004, 
suggesting an increase in the sensitivity of the changes in Hong Kong’s risk appetite to 
the US’s changes.  The  estimates varied with respect to Japan and the US.  But 
since 2007, the sensitivity to the change in Japanese risk appetite had increased.  Such 
results appear to suggest an increased influence from Japan and a gradual decline in the 
sensitivity with the UK and Germany.  The situation is very much the same in Japan, 
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sensitive to that from Germany than from the US.  While its sensitivity to that of Hong 
Kong had declined, influence from Japan had picked up.  Finally, for Germany, its β  
estimates for the past two years pointed to an increased sensitivity to that of the US, 
as the  estimates trended towards one.  The overall results from the Haldane and Hall 
approach suggest some sorts of market segmentation between the five stock markets.  
While the risk appetite measures of Hong Kong and Japan in their changes are very 
sensitive to each other, the influence of the US on them has been increasing.  
The German’s risk appetite changes are highly influenced by that of the US, while that of 
the UK is closer to the German’s.  As the convergence processes from these four 
markets (with the US as the major source of influence) did not point to any particular 
market as a dominant factor, these five markets are not highly integrated. 

β

 
4.1.4 Dynamic conditional correlation (DCC) 
 

A GARCH(1,1)-DCC model using a two-step estimation procedure as 
outlined in Appendix II is estimated with monthly changes in their risk appetite measures.  
Basically, higher and positive correlation between the changes in the risk appetite 
measures implies higher co-movement and greater integration between the markets.  
Table 6 highlights the average pair-wise dynamic conditional correlation between the 
changes in these risk appetite measures. 
 

Table 6.  Average pair-wise conditional correlation 
(based on the changes in the risk appetite measures) 

 US UK Germany Japan Hong Kong 

US 1.000 –0.078 0.140 –0.030 –0.100 

UK  1.000 0.138 –0.058 –0.076 

Germany   1.000 –0.111 –0.181 

Japan    1.000 0.167 

Hong Kong     1.000 

Source: HKMA staff estimates. 

 
The table shows that, in general, the co-movements between the changes 

in the risk appetite measures are not high with their conditional correlations ranging 
from –0.030 to 0.167 only.  Of the ten pair-wise risk appetite measures, only three pairs 
are positively correlated.  The result is similar to that reported in Table 2 based on 
simple correlation.  The three positively-correlated pairs are Hong Kong – Japan, US – 
Germany and UK – Germany.  Again, the results coincide with the findings from the 
Haldane and Hall approach which show that the changes in Hong Kong risk appetite is 
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highly sensitive to that of Japan, the German market is more influenced by the US 
market and the change in the UK risk appetite is closer to that of Germany.  Chart 5 
shows the time-varying conditional correlations between the five risk appetite measures. 
 
 

Chart 5.  DCCs of risk appetite measures 
(based on the changes in the risk appetite measures) 
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Source: HKMA staff estimates. 
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even increasing, the five financial markets do not appear to be integrated. 
 

Overall, our four integration indicators suggest a limited degree of 
integration between the stock markets in the US, the UK, Germany, Japan and Hong 
Kong.  The only encouraging sign is from the dispersion indicator which shows a 
gradual declining trend in the discrepancy but the process appears to be stalled since 
mid-2006.  Even if the risk appetites in these markets are not equal, it is still possible 
that a shift in investors’ risk appetite in one particular economy has an influence on other 
economies’ financial markets because of the participation of international investors in 
their domestic markets.  The next section investigates the interdependence between 
financial markets arising from changes in investors’ risk appetite. 
 
4.2 Financial market interdependence 
 

Apart from examining the issue of financial integration, the risk appetites 
in the five economies are also used to assess the interdependence between financial 
markets.  This is done by examining the co-movement between these risk appetite 
measures and the performance in the stock and bond markets using the dynamic 
conditional correlation method (DCC).  In the analysis that follows, for the stock 
market the DCC is conducted in terms of the changes in the risk appetite measures and 
the stock market returns.  In general, one would expect a positive relationship (positive 
DCC) between the changes in the risk appetite measures and the stock market returns.  
Hence, an increase (decrease) in investors’ risk appetite is associated with a rise (fall) in 
the stock market.  For the bond market, the DCC is related to the risk appetite levels 
and the benchmark bond yields of different maturities.  The “flight-to-quality” 
phenomenon in the bond market suggests a positive relationship (positive DCC) between 
the risk appetite levels and the bond yields.  For instance, if investors become more risk 
averse (their risk appetites fall), they seek “safe-heaven” by investing in the bond 
markets, thus bidding up bond prices and leading to a fall in bond yields.  In addition to 
the intra-economy co-movement between an individual economy’s risk appetite measure 
and its stock and bond markets, we are also interested in the inter-economy spillover 
effect across another economy’s stock and bond markets.  Such an analysis should 
provide insight on the possible contagion risk arising from a systemic shift in investors’ 
risk appetite.  We must emphasise that the analyses are not examining the causal 
relationship or the transmission mechanism between risk appetite changes (level) and 
stock (bond) market performance, but simply looking into their co-movement and 
correlation. 
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Table 7 shows the average conditional correlations between the changes in 

the risk appetite measures and the monthly return of the stock market benchmark 
indices.14

 
Table 7.  Average conditional correlation between the changes in the 

risk appetite and the stock market return 
 

  Stock market 

  US UK Germany Japan Hong Kong

 US 0.031 –0.058 –0.011 0.137 0.047 

UK –0.119 –0.160 –0.190 –0.020 –0.117 

Germany –0.235 –0.181 –0.253 –0.076 –0.099 

R
is

k 
ap

pe
tit

e 

Japan 0.176 0.242 0.317 0.146 0.077 

 Hong Kong 0.175 0.244 0.264 –0.024 0.128 

Source: HKMA staff estimates. 

 
 

The diagonal elements in the table show the intra-economy conditional 
correlation between the changes in the risk appetite measures and the stock market return.  
It is shown that for the US, Japan and Hong Kong, the intra-economy conditional 
correlations are positive, while for the UK and Germany, they are negative.  Thus, the 
conventional intuition that an increase (decrease) in investors’ risk appetite is associated 
with a rise (fall) in the stock market can be applied to the stock markets in the US, Japan 
and Hong Kong, but not to those in the UK and Germany. 
 

The results from inter-economy conditional correlations (the off-diagonal 
elements) are more revealing.  It is shown that the changes in the risk appetite in Japan 
and Hong Kong are positively related to the stock market returns of other economies 
(with the exception of Hong Kong’s risk appetite changes and Japan’s stock market 
return performance).  Hence, a drop in investors’ risk appetite in either Japan or Hong 
Kong will be associated with falls in other economies’ stock markets.  Changes in the 
US’s risk appetite are also positively related to the stock market returns in Japan and 
Hong Kong, while they are negatively related to that in the UK and Germany.  Thus, 
there may be possible contagion effect between the changes in the risk appetites in the 
US, Japan and Hong Kong and the stock market returns, given that they are positively 
interdependent.  On the contrary, risk appetite changes in the UK and Germany are 
                                                 
14 The monthly return of the stock market is calculated as the log difference of the stock market 

benchmark index. 
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negatively associated with other economies’ stock market return.  Chart 6 shows the 
time-varying conditional correlations between individual economy’s risk appetite and 
their stock market performance. 
 

Chart 6.  DCCs of individual economy’s changes in the risk appetite and 
the stock market return 
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Source: HKMA staff estimates. 
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To assess the interdependence in the bond market, we examine the 

interaction between the risk appetite measures and the yields of 3-month as well as 
10-year government bonds respectively. 15   The results may reveal whether the 
“flight-to-quality” phenomena from stock to bond market are apparent in these five 
economies.  Table 8 provides the average conditional correlations between the risk 
appetite measures and the government bond yields. 
 

Table 8.  Average conditional correlation between risk appetite measures 
and government bond yields 

 
 

  (a) 3-month government bond (b) 10-year government bond

  US UK GER JAP HK US UK GER JAP HK 

 US 0.65 0.63 0.67 0.23 0.44 0.08 0.12 0.20 0.01 0.17

UK 0.62 0.56 0.63 0.25 0.28 0.21 0.10 0.28 0.19 0.30

GER 0.76 0.67 0.78 0.30 0.49 0.17 0.13 0.29 0.31 0.45

R
is

k 
ap

pe
tit

e 

JAP 0.23 0.28 0.27 0.19 0.27 0.23 0.01 –0.09 0.19 0.08

 HK 0.52 0.58 0.56 0.15 0.39 0.28 0.13 0.05 0.18 0.09

Note: The abbreviations in the table are as follows: GER for Germany, JAP for Japan and HK for 
Hong Kong. 

Source: HKMA staff estimates. 

 
The conditional correlations as shown in Table 8 are mostly positive 

regardless of the maturity.  The conditional corrections between the risk appetite 
measures and the 3-month yields (ranging from 0.15 to 0.78) are, in general, higher than 
those between the risk appetite measures and the 10-year yields (from –0.09 to 0.45).  
This suggests that the relationship between the risk appetite measure and the bond yield 
is stronger for bonds with a shorter maturity than those with a longer maturity.  The 
diagonal elements under the two maturities show the intra-economy conditional 
correlation between an economy’s risk appetite and its corresponding government bond 
yields.  It is shown that the intra-economy conditional correlations are all positive.  
Such a positive relationship suggests certain extent of the “flight-to-quality” 
phenomenon in the bond market of these five economies.  As investors become more 
risk averse (their risk appetites fall), they seek “safe-heaven” by investing in the bond 
markets, thus bidding up bond prices and leading to a fall in bond yields.  

                                                 
15 All yield data are the yields of the benchmark government bonds and are taken from CEIC.  Note that 

for Hong Kong, the 3-month government bill yields are those of the 3-month Exchange Fund Bills, 
while the 10-year government bond yields are those of the 10-year Exchange Fund Notes.  
For Germany, the 3-month yield is the 3-month EURIBOR. 
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The results from inter-economy conditional correlations are also 

consistent with the “flight-to-quality” phenomenon as all but one off-diagonal 
conditional correlation are positive.  The only exception is the conditional correlation 
between Japan’s risk appetite and German’s 10-year bond yield which is negative but at a 
low level.  The degree of positive association between the risk appetite level and the 
bond yields in the economies are also different to each others.  For instance, 
the conditional correlations between the risk appetite measures in the US, the UK and 
Germany and the 3-month bond yields (from 0.23 to 0.78) are much higher than the 
correlations between the risk appetite measures of their Asia counterparts and the 
3-month bond yields.  Meanwhile, between the two Asian economies, the conditional 
correlations between the risk appetite measure in Hong Kong and the 3-month bond 
yields (from 0.15 to 0.58) are higher than the risk appetite measure in Japan and the 
3-month yields (from 0.19 to 0.28).  The results highlight the “flight-to-quality” 
phenomenon in the bond market of the five economies when investors in a particular 
economy are becoming risk averse.  The time-varying conditional correlations between 
individual economy’s risk appetite measures and the bond market performance are given 
in Charts 7 and 8. 
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Chart 7.  DCCs of individual economy’s risk appetite measures and 

3-month bond yields 
 

Hong Kong  Japan 

-0.20

0.00

0.20

0.40

0.60

0.80

Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07
-0.20

0.00

0.20

0.40

0.60

0.80

Japan

Hong Kong

GermanyUK

US

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07
-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

Japan

Hong Kong

GermanyUK

US

UK Germany 

-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07
-0.60

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

Japan

Hong Kong

Germany

UK

US

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07
-0.20

0.00

0.20

0.40

0.60

0.80

1.00

Japan

Hong Kong

Germany

UK

US

US 

-0.20

0.00

0.20

0.40

0.60

0.80

Jan-02 Jan-03 Jan-04 Jan-05 Jan-06 Jan-07
-0.20

0.00

0.20

0.40

0.60

0.80

Japan

Hong Kong

Germany

UK

US

 
Source: HKMA staff estimates. 

 
  The graphs in Chart 7 show that the conditional correlations between the risk 
appetite measures and the 3-month bond yields vary and in a few occasions they turn into 
a negative relationship.  Such a negative correlation is the most obvious between the 
risk appetite measure in Japan and the 3-month bond yields during mid-2002 to 
mid-2003 and the whole year of 2004.  Note that during these two periods, the risk 
appetite measures in Japan were at a low level (see Chart 1b), which was associated with 
higher 3-month bond yields (lower bond prices) in the five economies, suggesting a 
possible contagion effect for bonds with a short maturity when Japanese investors 
became risk averse.  Nonetheless, the conditional correlations are mostly positive over 
the study period and many of them were at a high level (above 0.5) at the end of 2007.
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Chart 8.  DCCs of individual economy’s risk appetite measures and 
10-year bond yields 
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Source: HKMA staff estimates. 

 
The conditional correlations between the risk appetite measures and the 

10-year bond yields in Chart 8 are very smooth.  For the risk appetite measures in the 
US and Hong Kong, their correlation with other economies’ 10-year bond yields were 
trending upwards, suggesting an increasing relationship between the two.  The 
correlations between Japan’s risk appetite measure and 10-year bond yields also 
increased but have levelled off since early 2006.  For the UK and Germany, the 
conditional correlations between their risk appetite measures and the bond yields were 
also at a relatively high level, suggesting evidence of “flight-to-quality” due to the stock 
market turmoil near the end of 2007.
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V. SUMMARY AND CONCLUSION 

 
 This study extends the use of investors’ risk appetites in central banks’ 
monitoring work in two aspects, namely financial integration and cross-border financial 
market interdependence.  Various integration indicators are constructed to gauge the 
relationship between the risk appetites derived for five economies: the US, the UK, 
Germany, Japan and Hong Kong.  Furthermore, we examine the degree of 
co-movement between the risk appetite measures and the stock and bond market 
performances in these economies.  The evolution of such co-movements provides some 
insights to policy makers on the interdependence between stock and bond markets in 
these economies, which may give rise to possible contagion risk during financial market 
turmoil. 
 

Table 9 provides a summary on the financial market integration aspect 
from the indicators derived using the risk appetite measures. 
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Table 9.  Summary of financial market integration 

Method Indication of market 
integration Result 

Cross-market 
dispersion and 
correlation 

Falling dispersion and high 
level of positive correlation 
imply higher convergence and 
greater co-movement 
 

Even though the dispersion 
indicator has narrowed, it has 
stalled since mid-2006.  The 
degree of positive cross-market 
correlation is also at a low level 
 

Principal component 
analysis (PCA) 

The identification of a small 
number of factors which are 
able to explain a high 
proportion of total variance 
among the risk appetite 
measures 

The PCA results (based on 
levels or their changes) are less 
than satisfactory and we fail to 
obtain a first component factor 
that can account for a large 
proportion of the common 
variation between the risk 
appetite measures 
 

Haldane and Hall 
(1991) Kalman filter 
method 

Average β  moving towards 
zero indicates an increasing 
sensitivity to regional 
influence 

The overall results suggest some 
degrees of market segmentation 
between the five stock markets, 
and no particular market acts as 
a dominant factor in influencing 
the risk appetite of another 
economy 
 

Dynamic conditional 
correlation (DCC) 
model 

The higher the (positive) 
correlation, the larger the 
co-movement between 
markets is 

For those positive conditional 
correlations, they are generally 
low and less than 0.4.  There is 
no clear indication of particular 
trend or pattern in the 
conditional correlations 

 
From Table 9, despite the different focus of each of these indicators, the 

picture that emerges from the empirical results is quite uniform.  In terms of 
co-movement, both the cross-market correlation and the DCC point to a low level of 
correlation between the changes in the risk appetite measures.  While the dispersion has 
narrowed, the process has halted since mid-2006.  Results from the Haldane and Hall 
approach suggest that there is no indication of a particular economy whose changes in 
risk appetite play a dominant role in influencing other economies’ risk appetite changes.  
Finally, as the first component factor derived from the PCA is unable to account for a 
high proportion of the common variation among the risk appetite measures (either in 
their levels or changes), it is difficult to conclude that a common factor is driving the 
dynamics of these risk appetite measures.  There may only be a weak integration 
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between the five financial markets and our integration indicators suggest some degrees 
of market segmentation in the process.  For instance, the risk appetite measures of 
Japan and Hong Kong, either in their levels or changes, are negatively correlated with 
the first common factor from the PCA, when other economies’ risk appetite measures are 
positively related to that common factor.  Furthermore, results from the Haldane and 
Hall approach also indicate that the changes in risk appetite measures of Hong Kong and 
Japan are very sensitive to each other.  Meanwhile, the German’s is highly influenced 
by that of the US, while that of the UK is closer to the German’s risk appetite measure. 
 

While there is limited financial integration among the five stock markets, 
however, the risk appetite measures reveal the interdependence between the shifts in the 
risk appetite measures and the financial market performance.  For the stock market, the 
results from the dynamic conditional correction indicate that there may be possible 
contagion risk between the changes in the risk appetites in the US, Japan and Hong Kong 
and the stock market performance, given that they are positively interdependent.  For 
the bond market, with mainly positive correlations between the risk appetite measures 
and the 3-month or 10-year government bond yields, the “flight-to-quality” phenomenon 
is apparent in the bond market of the five economies. 

 
Given the information contained in investors’ risk appetite measures and 

the evidence of interdependence in the stock markets, policy makers should continue 
monitoring their movements for financial stability concern.  However, as investors’ risk 
appetite is not directly observable in the market and the development of the methodology 
for the derivation of investors’ risk appetite is still an on-going process, the application of 
the risk appetite measure in central banks’ monitoring framework should be used with 
caution. 
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Appendix I:  Methodology for the derivation of the risk appetite measures 
 

 This Appendix provides a brief description of the Gai and Vause (2006) 
methodology for the derivation of the risk appetite measures.  As mentioned in the main 
text, the derivation of the investor’s risk appetite requires the estimation of the 
option-implied risk-neutral probability density (RND) function and the subjective history 
implied density function.  The following sections describe the methods for finding these 
two functions. 
 
AI.1 Estimating the RND by fitting the two-lognormal mixture distribution 
 

The prices of European call and put options at time t can be written as the 
discounted sums of expected future payoffs: 
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where  and  are the call and put prices respectively.  The option 
prices are functions of the strike price , the time to maturity , the asset price at 

the expiry , the risk-free interest rate  and the density function of the asset 

price as at expiry .  Assuming that the density function is a two-lognormal 

mixture,  at time t can then be expressed as: 
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);,( Tii SbaL  is the i-th lognormal density function with parameters ai and bi,  is the 

weight of the i-th density in the mixture and the mixtures are summed to unity,  and 

 are the mean and volatility (in standard deviation) of asset return respectively.  
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At any time t, five parameters ( 12211 θ,,,, baba ) in the two-lognormal density functions 
are estimated by solving the following minimisation problem: 
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where N is the number of possible expiry asset price,  and  are the observed 

call and put prices at t respectively.  By substituting the estimated parameters from (A6) 
into (A3), the probability density at different prices can be calculated accordingly.

obsc obsp

16

 
AI.2 Estimating the subjective probability by the threshold GARCH model 
 

The subjective history implied probability is estimated by the threshold 
GARCH model of the underlying stock market index return ( )tr

17: 
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where  is the return of the stock market index at t, tr tσ  is the volatility of the return 

which follows the threshold GARCH (1,1) model.  To derive the risk appetite measure 
at time t, we need to obtain the forecast of the subjective probability as at .  For 
this purpose, we first estimate the GARCH model by the data up to time t.  In order to 
have monthly estimates of the mean return and the variance, and in view of the possible 
structural change in the data series, the GARCH estimation is based on a 10-year rolling 
sample.  The expected return and variance of the return as at  can then be 
forecasted by (A7) and (A8).  Plugging these forecasts into the lognormal density 
function of asset price gives the subjective probability of the stock market index.

1+t
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16 Note that L is the standard lognormal density function: 
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17 Different specifications for GARCH model, such as AR(1) and AR(2) for the mean equation, GARCH 
(1,2) and GARCH(2,2) for the GARCH equation have been tried and they make no or insignificant 
difference on the resulting density.  Therefore, the simplest one (GARCH (1,1)) is chosen for the 
sake of convenience. 

18 As the underlying stock market index is assumed to be lognormally distributed, its log-return should 
be normally distributed.  Therefore the normally distributed GARCH-implied return and the 
corresponding variance can be directly plugged into the lognormal distribution function. 
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 Appendix II:  Indicators of financial market integration: 
Methodology and interpretation 

 
This Appendix provides in details the methodologies of constructing the 

different indicators for assessing financial market integration and their interpretation.  
All integration indicators are derived based on changes in the risk appetite measures, 
with the principal component analysis also considering the level of the risk appetite 
measures.  The sample period for the estimation of these integration indicators is from 
December 2001 to December 2007. 
 
i. Cross-market dispersion and correlation 
 

The idea behind the cross-market dispersion approach introduced by 
Solnik and Roulet (2000) is simple and intuitive.  This can be used as an alternative to 
the time-series approach to estimating the level of correlation of financial markets.  
Following the law of one price, identical or comparable assets across different economies 
should generate the same return.  If there is a large discrepancy in financial market 
returns across economies, as measured by the cross-market dispersion indicator, it will 
imply that the financial markets are not fully integrated.  In this measure, a low level of 
dispersion implies a higher degree of market integration and vice versa.  The method 
has been applied by Adjaoute and Danthine (2003) and Baele et al. (2004) to assess the 
equity market integration in Europe.  While the method is commonly used on financial 
asset returns, we apply the method on the changes in the risk appetite measures. 
 

To construct this measure, for N economies, the monthly change in the 
risk appetite measure of economy i at month t ( ) is specified as: i

tR
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i
t

i
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where  is the risk appetite measure of economy i at month t.  The cross-market 

dispersion indicator is defined as: 
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In addition to the cross-market dispersion indicator, the cross-market correlation is also 
derived.  First, we obtain the cross-market covariance, which is defined as: 
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The cross-market correlation is then calculated as the ratio of the cross-market 
covariance to the square of the cross-market dispersion.19  While the cross-market 
dispersion measures the degree of discrepancy across markets, the cross-market 
covariances and correlations provide an alternative mean to track the co-movement at 
each point in time. 
 
ii. Principal component analysis 
 

If a set of series are correlated, it may be the case that their co-movements 
are driven by one or more common factors which are not directly observable.  
To estimate these factors, a factor analysis method such as the principal component 
analysis (PCA) is needed.  In this study, the PCA is applied on the levels as well as the 
changes of the risk appetite measures in order to identify the respective common factors 
in their variations.  The first component factor is generally interpreted as the common 
force driving the dynamics of these risk appetite measures. 

 
PCA involves the calculation of the eigenvalue decomposition of the data 

covariance matrix.20  From a set of n mean-centered series which are supposed to be 
correlated with one another, PCA extracts a new list of p variables called “factors” 

which are uncorrelated among one another.  The common factors are 

constructed as linear combinations of the initial n series.  The proportion of total 
variation accounted for by the first k factors (

)(....,, npff p ≤1

pk < ) represents the overall quality of the 
PCA.21  One usually hopes to account for most of the original variability using a 
relatively fewer number of component factors.  In this study, the degree of integration is 
measured by two criteria: a) the number of first k factors required to explain over 80% of 
the common variation —— the less the number the better; and b) the percentage of the 
common variation explained by the first factor —— the higher the percentage the better. 
 
iii. Haldane and Hall (1991) Kalman filter method 
 

The notion of convergence or integration is that the difference between 
two (or more) series should become arbitrarily small or they converge to some constant c 
as time elapses, such that corYXE ktktk

0=− ++∞→
)(lim , where X and Y are the two series.  

The convergence may be a gradual and on-going process over time.  If we expect the 
convergence process to take place over time from a lower to a higher level, we need a 
                                                 
19 The derivation of the dispersion indicator, as well as the cross-market covariance and correlation 

follows Adrian (2007). 
20 Before calculating the eigenvalue of the data matrix, the original data series are pre-treated by 

subtracting the mean from each of the original data series of interest.  The mean subtracted is the 
simple average of the respective original data series.  This procedure is named as mean centering. 

21 For more details see Johnson and Wichern (1992). 
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measure which would allow for such dynamic structural change.  This measure will be 
useful in describing the process of structural change in terms of both degree and timing.  
The Kalman filter approach suggested by Haldane and Hall (1991) is a method that can 
be used to measure the time-varying convergence dynamic.22

 
In this study, the Haldane and Hall method estimates a simple equation 

via Kalman filter estimation with the signal equation as: 
 
 ( ) ti
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B
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i
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B
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and the state equations as: 
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where  is the monthly changes in the risk appetite measure of economy i at time t, 

 is the monthly changes in the risk appetite measure of another economy other than 

the US at time t and  is that of the US. 

i
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B
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We obtain the estimated parameter iβ  over time via Kalman filter.  

From Equation (A10), it is easy to show that if iR  and BR  converge (the changes in 
risk appetite of economy i converge to that of another economy other than the US), 
we would expect  to approach zero.  Conversely, if iβ

iR  and USR  converge (the 
changes in risk appetite of economy i converge to that of the US), we would find iβ  
to approach one.  In this measure, a tendency for iβ  moving towards one or towards 
zero indicates an increasing sensitivity (and implies a higher degree of convergence) of 
economy i’s risk appetite change to that of the US or of another economy.23, 24

                                                 
22 Serletis and King (1997) and Manning (2002) use the Haldane and Hall approach to measure 

convergence of European Union and South East Asian equity markets respectively.  Yu et al. (2007a, 
2007b) also apply the approach to assess the stock and bond market integration in Asia. 

23 By re-arranging Equation (A10), we obtain the following equation: 
   i

ttiti
US
tti

B
tti RRR =ε−α−β+β− ,,,, )1(

It can be seen from the above equation that when  approaches zero, the movement in R iβ
i would be 

increasingly influenced by that in RB, suggesting that the two series are converging.  On the other hand, 
when  approaches one, the influence from Riβ

B is reducing while that from RUS is increasing, which 
suggests R i and RUS are converging. 

24 One caveat of the Haldane and Hall approach is that the conclusion of whether an economy’s risk 
appetite is converging or diverging may well differ according to the choices of the other two economies 
in the signal equation. 
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iv. Correlation using dynamic conditional correlation (DCC) model 
 
 Simple (or rolling) correlation analysis is among the simplest method for 
examining the co-movement of financial markets.  Basically, higher correlation 
between markets implies higher co-movement and greater integration between the 
markets.  The DCC model, proposed by Engle and Sheppard (2001) and Engle (2002), 
is a new class of multivariate model which is particularly well suited to examine 
correlation dynamics among assets.  The DCC approach has the flexibility of univariate 
GARCH but without the complexity of a general multivariate GARCH.  As the 
parameters to be estimated in the correlation process are independent of the number of 
series to be correlated, a large number of series can be considered in a single estimation.  
Furthermore, Wong and Vlaar (2003) show that the DCC model outperforms other 
alternatives in modelling time-varying correlations. 
 
 To measure conditional correlations, a two-step estimation procedure of 
the DCC model is used.  Univariate GARCH models are first estimated for each series.  
The standardised residuals from the first step are then used to estimate the dynamic 
conditional correlations between those series.  Specifically, let  and  be the 

standardised residuals of the series of economy i and j at time t respectively, i 
tiz , tjz ,

≠  j.  
The GARCH process, as suggested in Engle (2002), is as follows: 
 

 )()( ,,,, ijtijijtjtiijtij qzzq ρ−β+ρ−α+ρ= −−− 111  (A12) 

 
and 

 
tjjtii
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tij qq

q
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,
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where  is the off-diagonal elements of the variance-covariance matrix, ijq ijρ  is the 

unconditional expectation of the cross product  and tjti zz ,, tij ,ρ  is the conditional 

correlation between the series of economy i and j at time t.25  In the main text, DCCs 
are derived for the relationships between the changes in the risk appetite measures and 
the stock market return performance, as well as between the levels of the risk appetite 
measures and the 3-month as well as the 10-year government bond yields. 

                                                 
25 See Engle (2002) for a detailed description of the simple DCC model and the estimation procedure. 
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The Ljung-Box tests for serial correlation, as shown by the Q statistics in 

Table A1, provide evidence of serial correlation in most of the squared level series of the 
levels as well as the changes in the risk appetite measures, the returns (in log differences) 
of the stock market indices as well as the 3-month and 10-year government bond yield 
series.  Thus, the specification of a GARCH model is appropriate. 

 

Table A1.  Ljung-Box Q(3) statistics for serial correlation test 

 Risk appetite measure Stock market 
index

3-month 
bond

10-year 
bond

 (squared level) (squared change) (squared return) (squared yield level) 

US 1.81 4.40 10.67** 213.62** 106.37**

UK 9.47** 4.87 23.04** 193.37** 124.61**

Germany 45.41** 7.01* 11.20** 175.69** 159.47**

Japan 1.75 36.39** 3.12 185.06** 150.38**

Hong Kong 33.03** 7.85** 3.22 184.24** 92.08**

Notes: ** indicates significance at the 5% confidence level.  * indicates significance at the 10% 
confidence level.  Q(3) is the Ljung-Box statistic based on the squared level of the monthly 
return series up to the third order.  The statistics are asymptotically distributed as (3).  

The critical value of (3) at the 5% level is 7.81, at the 10% level is 6.25. 

2χ
2χ

Source: HKMA staff estimates. 
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Abstract 
Several recent papers present models to explain the relation between initial public offerings 
and subsequent seasoned equity offerings. Using a unique database of Australian new 
economy companies in an out-of-sample test of these theories, we find no single model is 
adequate. The variables that are important in determining the probability of an SEO provide 
only limited support for explanations based on signalling models, market feedback and near-
term liquidity needs. Similarly, the duration between an IPO and the first SEO is not 
explained by signalling or by near-term liquidity needs, and is only partially explained by 
market feedback.  
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1 Introduction 

A number of models have been proposed to explain the relation between Initial Public 

Offerings (IPOs) and subsequent Seasoned Equity Offerings (SEOs). In the various forms of 

the signalling hypothesis (Leland and Pyle, 1977; Allen and Faulhaber, 1989; Grinblatt and 

Hwang, 1989; Welch, 1989), positive listing day returns (known as underpricing) are 

considered an important predictor of the relationship between the IPO and subsequent SEOs. 

Jegadeesh, Weinstein and Welch (1993) test the relationships between IPO underpricing (and 

aftermarket returns) and the probability of a seasoned equity offer. They find that their 

proposed market-feedback model provides a superior explanation of the U.S. data than do the 

various signalling models. A more recent study of U.S. SEOs (whether subsequent to a recent 

IPO or not) by DeAngelo, DeAngelo and Stulz (2007) concludes that SEOs are primarily 

determined by the firm’s near-term liquidity needs.  

 

The aim of this paper is to provide an out-of-sample test of the relevance of these three 

competing theories to the probability and the timing of equity re-issues. Our tests are based on 

the emerging new economy sector in Australia. We use publicly available information about 

new economy companies listed on the Australian Securities Exchange (ASX) between 1996 

and 2002 to examine the relationships between the initial public offer and any seasoned equity 

offers. This period includes the development period of the new economy sector in Australia, 

as well as the hot-issue market before April 2000, and the subsequent cold-issue market 

following the fallout from the dot.com bubble burst in the USA.1 Thus, the complete ‘IPO 

cycle’ of the new economy sector in Australia could be observed in this relatively short 

sample period.  

                                                
1 Ibbotson and Jaffe (1975) define ‘hot issue’ markets as ‘periods in which the average first month performance 
(or aftermarket performance) of new issues is abnormally high’. Ibbotson, Sindelar, and Ritter (1988) provide a 
brief overview of initial public offerings including the hot and cold issue markets. 
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During the study period, the total market value of the new economy stocks as proportion of 

the ASX market capitalisation was relatively small. For example, the healthcare and 

biotechnology sector represented around 4.1 percent of ASX market capitalisation in 2001.2 

Moreover, the information and communication technology sector accounted for about four 

percent of Australian GDP in 2001 and was also one of the fastest growing sectors of the 

economy.3 Despite its relatively small market value, the new economy sector is very 

important for further development and diversification of the Australian economy, which is 

heavily dependent on resources and agriculture sectors, exposing the whole economy to the 

cycles in prices of natural resources and droughts. Thus, a growing new economy sector 

provides a needed diversification for the Australian economy, with economic activities less 

sensitive to prices of natural resources. The increasing influence of the new economy sector 

on product diversification and efficiency improvements in the real economy warrants further 

research into equity offers by new economy companies. 

 

There is a lack of empirical evidence on the relationships between the initial and subsequent 

equity offers by new economy firms, specifically from the perspective of the signalling 

model, the market feedback model and the near term liquidity needs model. Moreover, it is 

important to evaluate any effects of publicly available information (contained in offer 

documents) on the probability of seasoned equity offers by recent new economy IPOs. Thus, 

insights into funding needs of new economy entities (reflected in the probability and timing of 

SEOs) could be valuable to investors and the regulators. 

 

                                                
2 ASX Fact File 2002. http://www.asx.com.au/shareholder/pdf/factfile2002.pdf 
3 Asian Statisticians Conference remarks by Fay Holthuyzen , Brisbane, 21 May, 2001 http://www.unescap.org 
/stat/ict/ict2001/ITStatConfSess2.pdf 
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New economy and old economy IPOs may be attractive to different types of investors (for 

example, investors in new economy stocks may have a greater tolerance for risk, or they may 

have additional motives for investing in new economy stocks, such as environmental and 

social conscientiousness). As IPO and SEO issuers adjust to these differences, then what 

determines the probability of a subsequent SEO may depend on whether or not the IPO is a 

new economy IPO or not. For example, aftermarket returns could have a greater or lesser role 

in the probability of a new economy SEO than in an old economy SEO. This has obvious 

implications in relation to model testing. Previous studies that look at SEOs by industrial 

companies in general implicitly make the assumption that the relative impact of each potential 

determinant of the probability of a subsequent SEO is the same for all types of stocks (old and 

new economy). Since this assumption may be unwarranted, in this study we focus on new 

economy stocks alone, and we assess what is important for this vital subset of the economy. 

 

In addition to the possibility that new economy investors may be different to old economy 

investors, it is important to note that new economy IPOs also differ from old economy IPOs. 

For example, many new economy IPOs list with lower profitability and cash resources than 

traditional IPOs (Core, Guay and Buskirk, 2003; Ritter, 2006).4 They frequently also have 

substantially shorter operating history at listing than old economy IPOs (Ho, Taher, Lee and 

Fargher, 2001; Lee, Taylor and Walter, 1996).5 This is another reason to examine whether 

previous results from studies of traditional IPOs also apply to new economy stocks.  

 

                                                
4 The evidence from the USA (Core et al., 2003; Schultz and Zaman, 2001; Ritter, 2006) that new economy IPO 
firms are on average young firms with negative earnings before listing, is confirmed by Arosio, Bertoni and 
Giudici (2001) who documented that the above trends were also present in Europe (during the period before 
January 2001) where around 40 percent of new economy companies reported negative earnings in their IPO 
prospectuses. 
5 The median age of high technology IPOs in Australia is less than three years at the time of going public, while 
for industrial IPOs it is around five years (Ho et al., 2001; Lee et al., 1996). 
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Our results provide only limited support for IPO quality signalling by underpricing and 

ownership retention. Aftermarket share returns, forecasted earnings and cash flows, and IPO 

market conditions are also important determinants of the probability of seasoned equity 

offers. Thus there is also limited support for the market feedback model and the near-term 

liquidity model. Overall, none of the three models provides an adequate explanation of the 

probability of a seasoned equity offer following a recent IPO. We also document that public 

information can be used to explain the duration between the IPO and the first SEO within 

three years after listing. However, only the market feedback model received some support in 

relation to the timing of seasoned equity offers by new economy companies. 

 

The rest of this paper is structured as follows. The following section presents a brief review of 

prior research and testable hypotheses examined in this research. Section 3 outlines the data 

used in this study. Section 4 presents descriptive statistics while results of the multiple 

regression models are provided in section 5. The discussion and conclusion are contained in 

section 6. 

 

2 Prior studies and implications for this research 

Many explanations for sometimes extraordinary returns in the new economy sector 

(particularly before April 2000) and the subsequent downturn have been advanced, including 

investor irrationality and restrictions on short selling due to share lock-ups. For example, 

Cooper, Dimitrov and Rau (2001) document high announcement period abnormal returns 

related to Internet associated corporate name change. Remarkably, even the firms with little or 

no Internet involvement achieve significant positive excess returns (averaging 53 percent in 

the five day announcement period) through their decision to have the corporate name changed 
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to include the words Internet, .com or .net.6 In relation to IPOs, Ofek and Richardson (2003) 

offer a rational explanation for high short-term returns and subsequent underperformance. 

They argue that the substantial restrictions to short selling of U.S. IPOs between January 1998 

and February 2000 were the underlying cause of the IPO returns performance in that period.7 

 

However, irrational investor behaviour and restrictions to arbitrage due to constraints on short 

selling may not necessarily be the only explanations for recent trends in stock returns and 

equity funding activities by firms in the new economy sector. Therefore, in this research we 

explore whether two established theories (quality signalling and market feedback) and one 

more recently advanced model (near-term liquidity needs) are also valid in the new economy 

sector.  

 

2.1 Quality signalling models 

The signalling hypothesis (in its various forms) asserts that high quality firms will signal their 

superior quality using mechanisms which are difficult and costly to replicate by inferior 

quality firms. Thus, firms going public may use the proportion of retained ownership in the 

IPO (Leland and Pyle, 1977)8 or the offer price discount (Welch, 1989)9 to signal high quality 

                                                
6 The results also indicate no negative drift in returns after the announcement (to +120 days) confirming that the 
effect on company share price is not only temporary. 
7 Ofek and Richardson found that stock prices declined around 35 percent during the six months following the 
lockup expiration compared with Internet index returns. Thus, the lockup period end marked the turning point 
where more ‘pessimistic’ investors gained the ability to sell IPO shares, resulting in subsequent returns’ 
underperformance. 
8 Leland and Pyle (1977) apply the signalling model to valuation of projects, and state that retained ownership 
(project’s organizers’ investment in their own firm’s equity) is a good signal of a firm’s (project’s) quality to 
outside investors. 
9 Welch (1989) observes that seasoned equity offers (SEO) are related in timing to IPOs, and that initial public 
offers usually involve the sale of a relatively small proportion of the closely held company than is the case in 
subsequent SEO (especially if underpricing in the IPO was substantial). The higher the general level of 
underpricing, the more likely it is that low quality firms will reveal their true value before listing. This is because 
a low quality firm’s value will be revealed in the aftermarket, implying that underpricing and larger retained 
ownership do not result in higher prices at SEO, and therefore the low quality firm has no incentive to falsely 
signal high quality. 
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of the firm’s future projects. Grinblatt and Hwang (1989) combine the above two signals, 

where both the retained ownership by original investors and offer price signal the IPO firm’s 

value. Grinblatt and Hwang propose that underpricing is positively related to retained 

ownership by issuers, and that the value of the issuing firm is positively related to the degree 

of underpricing. 

 

Signalling theories have received support in early studies of industrial company listings in 

many markets (see for example, How and Low, 1993; Ibbotson, 1975; Ibbotson and Jaffe, 

1975; Jegadeesh et al., 1993; Loughran and Ritter, 2004; Ritter, 1984; Slovin, Sushka and 

Bendeck, 1994; Welch, 1996). However, this evidence is contradicted in more-recent research 

(Kennedy, Sivakumar and Vetzal, 2006), with IPO signalling by underpricing receiving least 

support.10 These mixed results provide us with the motivation to test for the presence of IPO 

quality signalling for new economy initial and seasoned equity offers. We use the following 

hypotheses to test the signalling models for new economy IPOs: 

H.1.  Underpriced new economy IPOs are more likely to issue seasoned equity within three 

years after listing. 

H.1.a New economy IPOs with higher retained ownership are more likely to re-issue equity 

within three years. 

H.1.b New economy IPOs with lower ownership dilution are more likely to re-issue equity 

within three years. 

 

However, regardless of the firms’ success to signal high quality by underpricing, initial and 

seasoned equity offers should be viewed as related events because they are a part of the firm’s 

                                                
10 Kennedy et al. (2006) find that three hypotheses are not supporting the signalling model (the regression 
coefficients are significant in the opposite than predicted direction), while the regression coefficients for another 
four hypotheses supporting the signalling model are also consistent with several other theories explaining IPO 
underpricing. 
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long-term equity financing program. Moreover, signalling might only be a part of the story on 

IPO returns. Recent evidence (Cooper et al., 2001; Ljungqvist and Wilhelm, 2003; Loughran 

and Ritter, 2004; Schultz and Zaman, 2001) also points to the fact that new economy firms 

have some unique characteristics. Examples of these characteristics may include the level of 

retained ownership and underpricing at IPO, association with venture capital, company 

profitability (reflected in forecast earnings and cash flows), and Internet related company’ 

name and business activities. Therefore, these characteristics will be further explored in this 

research. A further motivation for this research is that the evidence on new economy 

companies in markets other than the USA is relatively scarce. 

 

2.2 Market feedback model 

Jegadeesh et al. (1993) found that the relationship between IPO underpricing and the decision 

to make an SEO is relatively weak, and provides only modest support for signalling 

hypotheses. Further, not all underpriced IPOs issue seasoned equity. Jegadeesh et al. provided 

stronger support for the market feedback hypothesis, where favourable information about the 

IPO firm’s market reception (reflected in the aftermarket price appreciation in the first 20 and 

40 day windows) resulted in the management’s decision to expand the firm’s projects that 

apparently have higher marginal returns than initially estimated. In this research, we test the 

validity of the market feedback model in the context of new economy IPOs using the 

following hypothesis: 

H.2.  New economy IPOs with higher post-listing returns (aftermarket returns) are more 

likely to re-issue equity. 
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2.3 Near-term liquidity needs 

DeAngelo et al. (2007) document that without additional equity funding more than half of the 

companies in their sample of SEOs would be unable to implement investment and growth 

strategies due to low cash reserves. In this research we examine whether forecast cash flows 

and earnings have an effect on the probability of new economy SEOs where: 

H.3. New economy companies forecasting cash shortages for the year following the IPO 

are significantly more likely to re-issue equity within three years of listing. 

H.3.a New economy companies forecasting negative earnings for the year following the IPO 

are significantly more likely to re-issue equity. 

 

2.4 Time to re-issue 

Jegadeesh et al. (1993) find that the firms with higher returns at the time of the IPO are more 

likely to conduct seasoned equity offers and to wait a shorter time between the two offers. 

Subsequently, Welch (1996) develops a model in which he extends the signalling by 

underpricing from Welch (1989) to also include the waiting period between the IPO and the 

first SEO as an additional signal of firm’ quality. In the underpricing equilibrium of Welch 

(1996) high quality firms raise the minimum required capital in the IPO to fund the 

operations. They also wait the optimal time for their true quality to be revealed before re-

issuing equity. 

 

Therefore, the time to re-issue equity can be related to predictions of the signalling models 

and the market feedback model, with some testable predictions presented below:11 

H.4. Underpriced new economy IPOs wait significantly shorter periods to re-issue equity. 

                                                
11 Hypotheses 4 and 4a stem from the signalling models, while hypotheses 5 and 6 are derived from the 
predictions of the market feedback model and the near-term liquidity model, respectively. 
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H.4.a New economy IPOs with higher retained ownership re-issue equity sooner. 

H.4.b New economy IPOs with lower ownership dilution re-issue equity sooner. 

H.5. New economy IPOs with higher aftermarket returns wait significantly shorter periods 

to re-issue equity. 

 

Furthermore, DeAngelo et al. (2007) argue that issuing companies in their sample did not 

appear to sell equity in order to exploit opportunities due to appreciating share prices (market 

timing). That is, companies exhibiting ‘market timer’ characteristics (for example, firms with 

high M/B value of equity, and superior past returns) are not expected to re-issue equity sooner 

than those companies lacking these characteristics. Instead, DeAngelo et al. (2007) find that 

the time to re-issue is driven by near-term liquidity needs. Therefore, we form an additional 

hypothesis designed to examine the effect of the near-term liquidity needs on timing of SEOs 

by new economy firms, where: 

H.6. Companies forecasting cash shortages in the year following the IPO are expected to 

re-issue sooner than other new economy companies. 

H.6.a Companies forecasting negative earnings in the year after the IPO are expected to re-

issue sooner. 

 

Explanatory variables, including variables designed to control for common IPO factors (for 

example, the use of offer proceeds and IPO market conditions) and for specific new economy 

factors (for example, Internet related company business or name) are defined in the following 

section. 
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3 Explanatory variables 

The following explanatory variables constructed from publicly available information about 

equity offers by new economy companies are used in this study: 

• UNDERPRICED IPOs (hypothesis 1 and 4) and AFTERMARKET RETURNS 

(hypothesis 2 and 5). Jegadeesh et al. (1993) documented that IPO underpricing and 

post-listing returns signal whether firms are likely to issue seasoned equity. Consistent 

with Jegadeesh et al. (1993), we predict that underpriced new economy IPOs (and 

those with superior aftermarket returns) have higher probability of a seasoned equity 

offer. Moreover, we predict that more underpriced IPOs (and those with better post-

listing returns) re-issue equity sooner. 

• Proportion of RETAINED OWNERSHIP (hypothesis 1a and 4a) and OWNERSHIP 

DILUTION (hypothesis 1b and 4b).12 Issuers’ quality is signalled by higher 

percentage of retained ownership, as predicted by the signalling models of Leland and 

Pyle (1977), and Grinblatt and Hwang (1989). Moreover, Habib and Ljungqvist 

(2001) suggested that ownership dilution (which represents the proportion of new 

shares sold in the IPO) has explanatory power of listing day returns and wealth 

changes to original shareholders. Ownership dilution is therefore important in the IPO 

signalling context. Based on the above, we expect that greater proportion of shares 

retained and lower ownership dilution would result in an increased SEO probability. 

Likewise, we expect that ownership retention is related to time to re-issue equity, 

where IPOs with higher proportion of ownership retention and lower ownership 

dilution sell seasoned equity significantly sooner. 

                                                
12 Ownership dilution is the ratio of the new (primary) shares sold in the IPO to the number of pre-existing 
shares, while retained ownership is the ratio of primary and secondary shares sold in the IPO to the number of 
shares retained by the pre-IPO shareholders. 
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• Forecasts of EARNINGS (hypothesis 3a and 6a) and CASH FLOWS from operating 

and investing activities (hypothesis 3 and 6). DeAngelo et al. (2007) argue that 

liquidity concerns may be the main driver why firms issue seasoned equity. We expect 

that new economy companies forecasting positive earnings and cash flows are 

significantly less likely to conduct seasoned equity offers and would wait significantly 

longer before re-issuing equity. 

• Commitments Test Entities (CTE). Recent changes to ASX listing rules allowed 

unprofitable entities (that did not satisfy the ASX listing requirements under the net 

tangible assets or profit tests) to become quoted on the Stock Exchange based on 

commitments to spend the funds raised according to agreements made with the ASX.13 

We expect that companies seeking quotation of their securities on ASX under the 

Commitments Test Entity rule would be more likely to re-issue equity. 

• Company AGE at listing. Ho et al. (2001) found no effect of age on Australian 

technology IPO underpricing, while How (2000) found a negative relationship 

between mining’ firm age and initial returns. We make no prediction on the effect of 

age on the probability of seasoned equity offers, but rather use the company age as a 

control variable for IPO riskiness. 

• Venture capital (VC). Da Silva Rosa, Velayuthen and Walter (2003) found no 

significant difference in underpricing between VC and non-VC backed IPOs in 

Australia. To further the evidence on VC-backed IPOs in Australia, we examine this 

variable and predict that VC backed new economy IPOs are more likely to have a 

seasoned offer within three years after listing and wait significantly less to re-issue. 

                                                
13 The Commitments Test Entity clause was put in effect as a result of the Commonwealth Law Economic 
Reform Program Act 1999 (Cth). Commencing 13 March 2000, it introduced changes to the regulation of 
company financing in Australia (see Chapple, Clarkson, and Peters, 2005). 
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• NEW_SHARES. IPOs that include primary (new) shares enable companies to invest 

additional capital into a new economy firm. We posit that primary share offers proxy 

for growth new economy firms likely to need additional finance subsequent to IPO. 

Thus, new shares offered in the IPO could signal a start of an equity financing 

campaign through seasoned equity offers. IPOs offering new shares are therefore 

expected to be more likely to conduct seasoned offers and to wait less to re-issue 

equity.  

• PRE-CRASH period before April 2000. Hot-issue periods are characterised by above 

average IPO listing day returns. These are often concentrated in specific industries, 

such as the resources sector (Ritter, 1984), or the Internet sector (Schultz and Zaman, 

2001). We predict that new economy IPOs listed before April 2000 will be more likely 

to re-issue within three years after listing, and will re-issue equity sooner. 

 

3.1 New economy sample 

The sample consists of new economy companies that listed on the Australian Stock Exchange 

(ASX) between January 1994 and December 2002. We require three years of ASX company 

announcements’ data after December 2002 (to end of December 2005). This is necessary in 

order to establish how many new economy companies issue seasoned equity (in the form of 

rights issues and private placements) within three years after listing.14 Data were obtained 

from various sources, such as the ASX company announcements, individual company 

websites, and the Connect4 database.15 The remaining prospectuses, which were not available 

from on-line databases or company websites, were obtained from the Australian Securities 

                                                
14 Public seasoned equity offers by new economy companies listed in Australia were relatively infrequent during 
the sample period studied (two public SEOs were identified). We therefore examine only the two main SEO 
types (private placements and rights offers) in this research. 
15 When possible, data collected were verified from alternative information’ sources. 
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and Investments Commission (ASIC).16 Thus, in respect to existing research, our database 

contains extensive information about IPO companies in Australia for a comparatively recent 

period and in a new sector of the economy. This provides us with an opportunity to conduct 

out-of-sample tests of several theories purporting to explain the probability and timing of 

seasoned equity issues. It is especially important to test the validity of those models that 

received limited support from recent data on equity re-issues (Kennedy et al., 2006), such as 

the quality signalling model and the market feedback model. Likewise, newly proposed 

models, such as the near-term liquidity needs model (DeAngelo et al., 2007), should be tested 

for IPOs in markets outside the USA and in sectors including other than industrial firms. 

 

During the sample period between January 1994 and December 2002, 300 companies with 

new economy related business activities attempted to list on the ASX of which 37 offers were 

withdrawn. Thus, 263 new economy initial public offers listed during the sample period (see 

Table 1). 

{Insert Table 1 here} 

 

For the purpose of this study, new economy business is any high-technology related services 

or manufacture activity, including Internet service provision and infrastructure development, 

e-commerce, digital and multi-media, telecommunications (such as satellite and broadband 

communications), information technology, software development, advanced medical 

instruments and biotechnology.17 New economy IPOs are spread across six main industries of 

the new economy sector (see Table 2). We form an additional group to include companies that 

                                                
16 All companies raising finance from the Australian public must lodge a prospectus with ASIC. The 
Commission stores scanned copies of the original prospectuses lodged by issuing companies in their Docimage 
database. The authors wish to thank the staff at ASIC Brisbane Regional Office for providing this additional 
data. 
17 While some studies of new economy companies exclude the biotechnology sector, OECD (2001, p. 98) report 
on the new economy underlines the importance of biotechnology innovations and its influence on economic 
growth prospects. Therefore, we add biotechnology companies to the new economy sector. 
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were classified by the Global Industry Classification Standard (GICS)18 and the ASX in 

conventional industries but had their main business activities within the new economy sector 

during the sample period.19 

 

{Insert Table 2 here} 

 

New economy initial and seasoned equity offers in Australia are most frequently made by 

companies in the software and services industry group. The second largest group are the semi-

new economy SEOs (see Table 2). In addition, Internet related businesses represent 48.29 

percent of the new economy IPO sample, while 55.67 percent of placements and 45.10 

percent of rights issues are made by Internet related companies.20 

 

4 Sample Descriptive statistics 

The sample of Australian new economy companies consists of diverse entities. Nevertheless, 

a description of an ‘average’ offer is provided below based on the information collected from 

offer prospectuses, company announcements, and other publicly available information about 

the new economy entities.  

 

                                                
18 GICS was developed jointly by Standard & Poor’s and Morgan Stanley Capital International in 1999. 
19 For example, Bigshop.com.au Limited, which is an online retailer, SeafoodOnline.com Limited, which is a 
fish farming business selling its products over the Internet to Asian markets, and Biotron Limited, a pooled 
development fund, which is involved in funding and management of intermediate and early-applied 
biotechnology research and development projects. 
20 Internet related companies are present in most new economy industries, except the Pharmaceuticals and 
Biotechnology industry group. 
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4.1 New economy IPOs 

New economy companies list on the ASX around five years after their incorporation on 

average, and have market capitalisation at offer price of around $76million on average.21 New 

economy companies seek on average $24.40 million in their initial equity offers. They wait 

398 (335) days on average (median) after the IPO to conduct the first seasoned equity offer. 

For additional descriptive statistics about new economy IPOs see Table 3. 

 

{Insert Table 3 here} 

 

Australian new economy companies are on average not substantially smaller than Australian 

industrial IPOs (How and Yeo, 2000), and are also similar in size to Australian mining IPOs 

(How, 2000), and package (share and option) IPOs (How and Howe, 2001).  

 

4.2 IPO underpricing and aftermarket returns 

Initial raw returns, measured as the difference between the public offer price and the first 

trading day closing price are 38.67 (12.00) percent on average (median).22 Initial (market 

adjusted) returns of new economy IPOs that conducted seasoned offers within three years 

after listing are on average 48.5 percent, compared to 33.87 percent for the remaining IPOs. 

 

Nevertheless, investing in IPOs is not without risk. Within the new economy IPO sample, 61 

offers (23.19 percent) had a first day closing price below the offer price. This is comparable to 

Lee et al. (1996) who reported that around one third of Australian industrial IPOs had 

                                                
21 Company market values were adjusted for inflation, with 2002 as the base year (Consumer Price Index, 
Australian Bureau of Statistics). http://www.abs.gov.au/ausstats/abs@.nsf/lookupresponses/dc7c73d0cda3e34cca 
2570a500802675?opendocument  
22 For market adjusted returns see Table 3. 
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negative market index adjusted initial returns, and How (2000) who found that 19.23 percent 

of Australian mining IPOs had negative raw initial returns.  

 

4.3 Seasoned equity offers 

Private placements and rights offers are frequently used methods to issue seasoned equity in 

Australia. For example, private placements and rights offers represented, respectively, 13.44 

percent and 9.12 percent of the total value of equity capital raisings on the ASX during 

2002.23 The ASX rules specify (among other requirements) that a private placement of equity 

can be made to no more than 20 investors and should be no less than $500,000.24 Thus, our 

sample of new economy SEOs consists of private placements and rights issues of ordinary 

equity in excess of $500,000 made by new economy entities that listed on the ASX between 

January 1994 and December 2002.25 Within three years of listing, these new economy IPO 

companies had 379 private placements of equity and 51 rights issues that satisfy the above 

ASX requirements on new issues (see Table 1). 

 

Within our new economy IPO sample there are 169 companies (or 64.26 percent) which had 

at least one seasoned equity offer (in the form of a private placement or a rights issue) within 

three years after listing. In comparison, Krigman, Shaw and Womack (2001) find that of 

2,049 IPOs in the USA from 1993 to 1995, around 28 percent of issuing firms make the first 

                                                
23 In comparison, initial public offers represented 14.45 percent of total capital raisings during 2002 (ASX Fact 
Book 2002). 
24 Moreover, ASX Listing Rule 7.1 restricts private placements (without the approval of ordinary shareholders) 
to an effective maximum of 15 percent of the number of fully paid ordinary securities on issue 12 months before 
the date of issue or agreement (http://www.asx.com.au/ListingRules/chapters/Chapter07.pdf). However, private 
placements in Australia are usually issued at less than ten percent of fully paid ordinary securities (Hunt and 
Terry, 2008, p. 270). 
25 The minimum value restriction did not result in exclusion of relevant SEOs by smaller market capitalisation 
companies. This is due to the nature of small equity offers by new economy companies in Australia, which are 
frequently share compensations to experts, underwriters and other parties for their services, who accept part 
payment of dues in shares and share options. (We thank Balasingham Balachandran for pointing out this issue). 
Exercise of employee share options or conversion of preference shares or convertible notes into ordinary equity 
were not included in this study.  
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SEO within three years after the IPO. New economy companies in Australia which re-issue 

equity within three years after listing have their first SEO 1.09 (0.92) years after the IPO on 

average (median). This is similar to U.S. industrial firms, which waited an average (median) 

1.43 (1.29) years to reissue equity (see Jegadeesh et al., 1993, p. 161).26 Moreover, new 

economy companies undertake rights offers not only less frequently than private placements 

(see Table 1), but also wait significantly longer after the IPO to have rights offers, as 

indicated by the t-test (t-stat. = -3.27, p-value = 0.002) and the Mann-Whitney-Wilcoxon test 

(z = -2.706, p-value = 0.007).27 

 

5 Results 

Next we provide the results of multiple regression models used to explain the probability and 

the timing of seasoned equity offers by new economy companies within three years after 

listing. Multicollinearity between explanatory variables is controlled for by excluding 

collinear variables from regression models.28 For example, given the relatively high 

correlation between the retained ownership and ownership dilution variables, these two 

variables would not be used in the same regression model. The same concern applies to 

forecast cash flows and earnings variables, which are therefore presented in separate 

regression models.29 

 

                                                
26 Jegadeesh et al. (1993) sample consists of 411 SEOs in the period 1980 to 1989. 
27 The average number of days between the IPO and private placements is 497 days, while it is 604 days on 
average for rights offers (note that some companies have multiple seasoned equity offers within three years after 
the initial public offer of shares). 
28 While this approach may reduce the ability of a regression model to explain the dependent variable, it also 
results in a more parsimonious regression model where any effects of explanatory variables are easier to 
distinguish. Multicollinearity can be measured using the Tolerance statistic or its reciprocal the Variance 
Inflation Factor (VIF). Tolerance is a statistical measure of the overlap between explanatory variables. A 
tolerance level close to zero indicates that two explanatory variables might be explaining the same variation in 
the dependent variable, whilst a tolerance value of one indicates no overlap between explanatory variables. 
29 The correlation coefficient between the retained ownership and ownership dilution variables is -0.787 (p-value 
< 0.001), and 0.351 (p-value < 0.001) for the forecasted cash flows and earnings variables. 
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5.1 Probability of new economy SEOs 

We use a binary probit model to assess the ability of publicly available information (at around 

the time of public listing) to identify new economy companies which subsequently had 

seasoned equity offers. In the probit analysis, the independent variables (continuous or coded 

as binary variables) were used to explain the dichotomous (0,1) outcome; that is, whether a 

new economy company has a seasoned equity offer within the three years after listing.30 

 

Table 4 indicates that models using public information correctly classify more than seventy 

percent of new economy companies in two groups of non-issuers and re-issuers of equity, 

while the McFadden R2 likelihood ratio index ranges between eleven and thirteen percent.31 

Our models’ fit are comparable to Jegadeesh et al. (1993) logit models of a seasoned equity 

issue probability.32 

 

{Insert Table 4 here} 

 

Results in Table 4 lend some support for the signalling hypothesis. In particular, the 

underpriced IPOs (offers with positive first day returns) are significantly more likely to have 

seasoned offers (hypothesis 1). Significance and direction of the ownership dilution and the 

retained ownership variables provide further support for the signalling model (hypothesis 

                                                
30 The minimum Tolerance statistic between explanatory variables was 0.81 (Variance Inflation Factor 1.24) 
confirming that the probit regression models do not suffer from multicollinearity. 
31 The McFadden’s quasi R-square likelihood-ratio index was calculated as one minus the log likelihood of the 
estimated model divided by the log likelihood of a model that includes intercept only. 
32 We repeated our analysis using the equivalent logit models and obtained substantially the same results as with 
the probit models (results not reported). Liao (1994) and Maddala (2001) indicated that logit and probit 
regressions should provide similar results if there is not a large proportion of extreme scores in the tails of the 
distributions in very large samples, in which case the logit model should be used. 
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1a).33 Probit models in Table 4 indicate that lower the proportion of shares sold to outsiders in 

the IPO (lower the dilution or higher the percent of shares retained), larger is the probability 

that additional equity would be sold within three years after listing. Thus, both of these 

closely-related ownership variables provide a valid signal of an increased probability of a 

seasoned equity offer by new economy companies within three years after listing.34
 

 

However, new economy IPOs with superior aftermarket returns POST_IPO_30 (excluding the 

initial returns) are also significantly more likely to have an SEO, supporting the market 

feedback model (hypothesis 2). Specifically, in each regression model POST_IPO_30 is 

significant at the 5 percent level.35 Thus, our probit model results confirm the findings of 

Jegadeesh et al. (1993) that post-IPO returns provide a valid signal about the probability of a 

seasoned equity offer.  

 

We also find that companies that forecast positive earnings and cash flows for the post-offer 

year in their IPO prospectus are significantly less likely to have an SEO within three years 

after listing (providing support for hypothesis 3).36 Likewise, new economy companies listed 

on the ASX as Commitments Test Entities (CTE) are significantly more likely to sell 

                                                
33 While the probit regression results in respect to ownership retention rate and ownership dilution variables are 
consistent with the signalling model, they can also be considered supportive of some other models that have been 
proposed (for example, the entrepreneurial losses model of Habib and Ljungqvist, 2001). 
34 Grinblatt and Hwang (1989) proposed that retained ownership and IPO underpricing should be positively 
related. Interestingly, our results for the relationship between the initial returns and retained ownership are not 
significant. For example, the correlation coefficient between equal-weighted market index-adjusted initial returns 
and IPO underpricing is just 0.05 (p-value = 0.419). These results are robust to the definition of initial returns 
(not reported). 
35 Our results are robust to the aftermarket window specification. Thus, re-issuing companies have significantly 
higher post-listing returns in the first 20, 30, 50 and 100 trading day’ windows. Market index returns in the 
equivalent windows before and after the IPO listing date have no predictive power of the incidence of seasoned 
equity offers. 
36 This is consistent with findings by DeAngelo et al. (2007) who argue that, in their sample, the primary reason 
for companies to conduct SEOs were the low cash reserves. However, the forecast earnings variable in probit 
models I and II in Table 4 is only significant at the 10 percent level. 
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seasoned equity. Together, these variables indicate some support for the near-term liquidity 

needs model of DeAngelo et al. (2007). 

 

Table 4 also indicates that market conditions play a major role in whether companies issue 

equity. In particular, new economy IPOs listed before April 2000 (PRE_CRASH) are 

significantly more likely to have a seasoned equity offer within the three years after listing 

compared to the post-March 2000 new economy listings. Nevertheless, contrary to our 

prediction, the two dichotomous variables representing proxies for risk (VC – denoting 

companies associated with venture capital investment or expertise, and AGE – denoting the 

company’ age at listing) do not significantly contribute to the model. Conversely, companies 

selling primary (new) shares in their IPO are more likely to have an SEO (probit model II in 

Table 4) indicating that offer type also plays some role in the probability to re-issue equity.37 

 

In summary, the results in Table 4 provide only limited support for the signalling model, the 

market feedback model and the near-term liquidity model. Since the variables suggested by 

each of these models are significant in the each regression, each competing model is only 

providing a partial explanation of the probability of re-issue, at best. 

  

5.2 Timing of seasoned equity offers 

In this section, we use publicly available information about the new economy companies to 

explain the duration between the IPO and the first seasoned equity offer. Regression models 

in Table 5 have a relatively low ability to explain the timing of the re-issue of equity by new 

economy IPOs.  

                                                
37 However, this result should be viewed with caution because the variable is only significant at the 10 percent 
level. 
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{Insert Table 5 here} 

 

Regression models in Table 5 indicate that new economy companies listed before April 2000 

wait significantly shorter time to have their first seasoned equity offer in the form of a private 

placement or a rights issue (t-stats. ≤  – 2.334). Likewise, new economy companies listed on 

the ASX as Commitments Test Entities wait significantly less to re-issue equity 

(t-stats. ≤  − 2.432). There is some indication that IPO companies that issue new (primary) 

shares re-issue equity earlier (regression model I only). In addition, IPOs with superior 

aftermarket returns (in the first 30 days after listing) tend to sell seasoned equity sooner (the 

results are significant at the 10 percent level only for regression models II and III). 

 

However, after controlling for other public information available around listing, we find no 

support for the prediction that more underpriced new economy IPOs re-issue earlier 

(hypothesis 4). Likewise, the retained ownership variable, or the ownership dilution variable 

(as specified by Habib and Ljungqvist, 2001), have no effect on duration between the IPO and 

the first seasoned equity offering, casting further doubt on the usefulness of the signalling 

models to explain time to re-issue by new economy firms (hypotheses 4a and 4b). 

 

Thus, in relation to the timing of new economy SEOs, the results in Table 5 lend no support 

for the signalling hypotheses (hypotheses 4, 4a and 4b), while the market feedback hypothesis 

is only weakly supported (hypothesis 5). Furthermore, the near-term liquidity needs model 

(hypotheses 6 and 6a) was not supported by the results for the cash flows and earnings 

forecasts variables, which are not significant in regression models in Table 5. Finally, highly 

significant intercepts in all regressions models in Table 5 indicate that there are additional 
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variable(s) not included in this research that could contribute to explaining the timing of new 

economy SEOs. 

 

6 Discussion and Conclusion 

This study examines the ability of the signalling model, market feedback model and near-term 

liquidity model to explain the probability and timing of seasoned equity offers by recent new 

economy IPOs. Studying a subset of the population of ASX listed IPOs allowed us to partition 

any effects of explanatory variables without assuming that these effects are generalisable to 

the whole population of equity issuing companies.38 

 

Our results provide some support for the near-term liquidity needs model of DeAngelo et al. 

(2007), where companies with negative forecast cash flows and earnings for the post-listing 

year are more likely to have SEOs within three years after listing. However, our results do not 

support DeAngelo et al.’s argument that the near-term liquidity concerns are the most 

important parameter in deciding the probability of seasoned equity offers. We find that 

variables proxying for IPO quality signalling and market feedback are at least as important in 

determining the probability of new economy SEOs as are the proxies for near-term liquidity 

needs. The divergence in results may be due to the fact that DeAngelo et al. did not consider 

whether or not there has been a recent IPO in calculating the probability of SEOs. A recent 

IPO may increase the likelihood of an SEO dramatically. 

 

Moreover, our findings indicate that the prior returns of re-issuing companies are not 

immaterial when it comes to the probability and timing of an SEO by new economy 

                                                
38 This approach has been followed in the past for resource sector IPOs (Ritter, 1984; How, 2000), biotechnology 
IPOs (Vitale, 2004) and high technology IPOs (Ho et al., 2001). 
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companies.39 In particular, we provide some support for the signalling model, where listing 

day returns (Allen and Faulhaber, 1989; Grinblatt and Hwang, 1989; Welch, 1989) and 

ownership retention at IPO (Leland and Pyle, 1977; Grinblatt and Hwang, 1989) contribute to 

explaining the likelihood of seasoned equity offers. Likewise, the market feedback model 

(Jegadeesh et al., 1993) is supported, with aftermarket returns explaining the likelihood of 

seasoned equity offers. However, listing day returns and ownership retention variables do not 

make a significant contribution to explanation of the duration between the IPO and the first 

SEO (Welch, 1996) in the new economy sector. Only the aftermarket returns (market 

feedback model) indicate some ability to explain the timing of new economy SEOs. 

 

Overall, we find that signalling, market feedback and short-term liquidity needs each provide 

only partial explanations for the probability of seasoned equity offers. None of the models 

tested in this research have distinguished itself with its explanatory power, but rather the 

interaction of numerous factors seems to explain the probability and timing of seasoned 

equity offers by recent IPOs in the new economy sector in Australia. 

 

It is possible that our models have omitted additional important factors that have the ability to 

explain the probability and timing of new economy SEOs. Therefore, expanding this research 

by examining the probability and timing of new economy SEOs in other developed 

economies as well as in emerging economies (possibly by using information not publicly 

available for ASX listed companies) would be the logical next step. 

 

                                                
39 However, this may still be valid for a larger sample as documented by DeAngelo et al. (2007). 
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Table 1 New economy equity offers stratified by announcement year 

Offer 
year

a
 

IPOs Private Placements Rights Offers 
N Percent N Percent N    Percent 

1994 14 5.32 0 0.00 0 0.00 
1995 4 1.52 3 0.79 0 0.00 
1996 11 4.18 7 1.85 0 0.00 
1997 18 6.84 2 0.53 1 1.96 
1998 17 6.46 7 1.85 3 5.88 
1999 74 28.14 53 13.98 2 3.92 
2000 98 37.26 132 34.83 5 9.80 
2001 20 7.60 85 22.43 18 35.29 
2002 7 2.66 45 11.87 12 23.53 
2003   36 9.50 8 15.69 
2004   7 1.85 2 3.92 
2005   2 0.53   
Total 263 100.00 379 100.00 51 100.00 

Notes Table includes new economy IPOs listed between 1994 and 2002, and 
private placements and rights offers of new economy IPOs within three years after 
listing; N is the number of offers; Percent is the number of offers in a particular 
year as a proportion of total IPOs, private placements or rights offers. 
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Table 2 New economy equity offers stratified by industry  

New economy industry  
(GICS industry group) 

IPOs Private Placements Rights Offers 
N Percent N Percent N Percent 

Software and services 89 33.84 144 37.99 12 23.53 
Semi-new economy 59 22.43 76 20.05 17 33.33 
Pharmaceuticals and biotechnology 34 12.93 37 9.76 5 9.80 
Technology hardware and equipment 22 8.37 36 9.50 2 3.92 
Healthcare equipment and services 21 7.98 21 5.54 5 9.80 
Telecommunications 20 7.60 36 9.50 5 9.80 
Media 18 6.84 29 7.65 5 9.80 
Total 263 100.00 379 100.00 51 100.00 

Notes Table includes new economy IPOs listed between 1994 and 2002, and private placements and 
rights offers of new economy IPOs within three years after listing; GICS is the Global Industry 
Classification Standard used by ASX; Semi-new economy group represents entities with some 
business activities in the new economy sector, but not classified by the ASX in the GICS new 
economy industries; N is the number of offers; Percent is the number of offers in a particular industry 
group as a proportion of total IPOs, private placements or rights offers. 
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Table 3 Descriptive statistics about the new economy IPOs 
Variables N Mean Median Standard 

deviation 
Minimum 

value 
Maximum 

value 
Skewness Kurtosis 

Listing day 
returns 

263 38.75 12.04 92.65 -74.91 731.35 25.27 64.28 

Earnings per 
share 

129 6.48 5.94 8.16 -14.3 64 12.42 45.20 

Market 
capitalisation 

262 75.80 30.15 195.20 3.01 2,515.66 59.92 332.54 

Offer price 263 0.86 0.58 0.75 0.11 5.41 2.49 2.65 

Offer size 
(percent) 

262 35.45 31.90 20.70 0.00 100.00 8.52 6.82 

Age at listing 262 5.04 2.43 5.68 0.15 32.59 10.41 8.28 

Retained 
ownership 

262 64.78 68.10 20.22 0.00 1.00 -8.41 6.95 

Notes N is the number of IPOs for which the information was available in a prospectus; Skewness 
(Kurtosis) is calculated as Skewness (Kurtosis) statistic divided by the standard error of Skewness (Kurtosis); 
LISTING DAY RETURN (UNDERPRICING) is the return available to subscribing investors, which is the 
difference between listing day close price and offer subscription price, adjusted for market index return; 
EARNINGS PER SHARE are forecast earnings per share (in cents) for the year after offer as stated in IPO 
prospectus; MARKET CAPITALISATION is the total number of shares after the IPO multiplied by the share 
offer price, adjusted for the inflation (Consumer Price Index – Australian Bureau of Statistics); OFFER 
PRICE is the share subscription price for the public offer adjusted for the inflation; OFFER SIZE is the 
number of shares offered as proportion of total shares after listing; AGE AT LISTING is the number of years 
between incorporation of the company and listing date; RETAINED_OWNERSHIP is the percent of shares 
retained by original investors and is calculated as total number of shares at listing less the shares sold in the 
offer, divided by the total number of shares. 
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Table 4 Probit analysis of the incidence of new economy SEOs within three years after the IPO by new 

economy companies listed on the ASX between January 1994 and December 2002 

 I II III 

Independent 
variable 

Probit 
coefficient z-statistic  

Probit 
coefficient z-statistic  

Probit 
coefficient z-statistic  

Intercept -0.859 -1.229  -1.087 -1.609  -0.914** -2.211  
PRE_CRASH 0.426** 2.261  0.411** 2.192  0.342* 1.847  
CTE 0.377* 1.912  0.398** 2.030  0.441** 2.303  
VC 0.309 1.324  0.356 1.545     
NEW_SHARES 0.965 1.497  1.092* 1.711     
UNDERPRICED 0.422** 2.040  0.413** 1.998  0.492** 2.337  
POST_IPO_30 16.532** 2.211  16.677** 2.231  16.166** 2.236  
DILUTION -0.433*** -2.723  -0.417*** -2.624     
RETAINED_ 
OWNERSHIP 

      0.922** 2.038  

EARNINGS -0.344* -1.812  -0.365* -1.939     
CASH_FLOW       -0.562** -2.548  
AGE -0.019 -1.158        
          
Likelihood-ratio 

index  
13.08***  12.67***  10.85***  

Percent correct 

predictions 
72.00  73.20  71.54  

Notes Likelihood-ratio index (McFadden R2
) was calculated as 1-(log likelihood of the estimated model ÷ log 

likelihood of a model which includes intercept only); PRE_CRASH is unity for IPOs listed between January 
1994 and March 2000, and zero otherwise; CTE is a dichotomous variable with unity representing new 
economy companies listed as Commitments Test Entities; VC is unity for new economy companies associated 
with venture capital investment and/or expertise prior to listing; NEW_SHARES is a dichotomous variable 
where unity represents primary (new) shares offered in the IPO; UNDERPRICED is a dichotomous variable 
where unity represents underpriced new economy listings (positive returns between the subscription price and 
the first trading day closing price); POST_IPO_30 is the aftermarket share return for the first 30 trading days 
(excluding the first day returns); DILUTION is the ratio of new shares sold in the offer divided by the number 
of old (pre-existing) shares; RETAINED_OWNERSHIP is the percent of shares retained by original investors 
and is calculated as total number of shares at listing less the shares sold in the offer, divided by the total number 
of shares; EARININGS (CASH_FLOW) assigns unity if positive earnings (cash flows) were forecasted in the 
IPO prospectus for the post-offer year; AGE is a natural logarithm of the number of days between the company 
incorporation date and the ASX listing date; Percent correct predictions are calculated using a binary logistic 
model; *, **, *** significant at alpha 0.10, 0.05, respectively 0.01 level. Dependent variable is a dichotomous 
outcome, whether the new economy IPO company has a seasoned equity offer within three years after listing 
(1) or not (0). 
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Table 5 Multiple regression analyses of the duration between the initial public offer (IPO) 

and the first seasoned equity offer (SEO) for new economy companies listed on the Australian 

Stock Exchange between January 1994 and December 2002 

    
Independent variable I II III 
Intercept 7.183 

(14.947)*** 
6.361 

(12.348)*** 
6.304 

(5.336)*** 
PRE_CRASH -0.458 

(-2.334)** 
-0.549 

(-2.783)*** 
-0.559 

(-2.801)*** 
CTE -0.596 

(-2.694)*** 
-0.516 

(-2.570)** 
-0.515 

(-2.432)** 
VC 0.130 

(0.679) 
0.254 

(1.302) 
0.230 

(1.044) 
NEW_SHARES -0.499 

(-2.129)** 
-0.061 

(-0.259) 
-0.152 

(-0.132) 
UNDERPRICED -0.313 

(-1.532) 
-0.162 

(-0.732) 
-0.162 

(-0.655) 
POST_IPO_30 1.347 

(0.366) 
-11.148 
(-1.669)* 

-11.325 
(-1.698)* 

DILUTION   0.176 
(0.838) 

RETAINED_OWNERSHIP -0.083 
(-0.121) 

-0.101 
(-0.131) 

 

EARNINGS -0.281 
(-1.348) 

  

CASH_FLOW  0.351 
(1.539) 

0.280 
(1.028) 

AGE -0.075 
(-0.970) 

  

    
Model F 1.783* 2.120** 2.107** 
Adjusted R2 4.10 5.40 5.40 

Notes Cell values represent unstandardised regression coefficients for individual variables, 
with corresponding t-statistics in parenthesis; Dependent variable is the natural logarithm of the 
number of days between IPO listing date and the first seasoned equity offer announcement 
date; PRE_CRASH is unity for IPOs listed between January 1994 and March 2000, and zero 
otherwise; CTE is a dichotomous variable with unity representing new economy companies 
listed as Commitments Test Entities; VC is unity for new economy companies associated with 
venture capital investment and/or expertise prior to listing; NEW_SHARES is a dichotomous 
variable where unity represents primary (new) shares offered in the IPO; UNDERPRICED is a 
dichotomous variable where unity represents underpriced new economy listings (positive 
returns between the subscription price and the first trading day closing price); POST_IPO_30 is 
the aftermarket share return for the first 30 trading days (excluding the first day returns); 
DILUTION is the ratio of new shares sold in the offer divided by the number of old (pre-
existing) shares; RETAINED_OWNERSHIP is the percent of shares retained by original 
investors and is calculated as total number of shares at listing less the shares sold in the offer, 
divided by the total number of shares; EARININGS (CASH_FLOW) assigns unity if positive 
earnings (cash flows) were forecasted in the IPO prospectus for the post-offer year; AGE is a 
natural logarithm of the number of days between the company incorporation date and the ASX 
listing date; *, **, *** significant at alpha 0.10, 0.05, respectively 0.01 level. Regression 
models I and II have White (1980) heteroskedasticity consistent t-values while regression III 
has a homogenous variance of residuals. 
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Abstract

Non normality in asset returns is now a common feature of financial mar-
kets. However, many practitioners as well as investors do still refer to classic
risk adjusted performance measures to assess their investment. For example,
Sharpe and Treynor ratios are designed for a Gaussian world. Then, employ-
ing them for a performance assessment prospect relative to the risk borne is
a biased approach. If we look for consistency in risk assessment and in asset
performance valuation, we need to look for robust methods or tools. Moreover,
the well known mathematical consistency and numerical tractability concerns
drive our preference for simple methods. Under this setting, we propose to
account in a simple way and to some extent for the skewness and kurtosis
patterns describing the deviations from normality. We propose therefore ad-
justed versions of Sharpe and Treynor ratios, which account for the downside
and upside deviation risk from the mean values of asset returns.

Keywords: Hedge fund, Kurtosis, Performance, Sharpe ratio, Skewness,
Treynor ratio.
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1 Introduction

At the beginning of 2008, the amount of hedge fund industry assets was
around $2.65 trillion, and 78.61% of this amount was run by 390 firms (source:
HedgeFund Intelligence, April 16, 2008). Moreover, Credit Suisse/ Tremont
reported an average 12.56% return for the hedge fund industry during year
2007 (source: Reuters, April 10, 2008).1 However, the previous performance
profile has a cost despite the attractiveness of such investment vehicles. In-
deed, it implies to bear some non-negligible risk levels, which have to be
cautiously considered. Recent market history sheds light on the asymmetry
in asset returns (i.e. asymmetry between potential gains and losses) as well
as the significant correlation risk in and between asset classes during the sub-
prime crisis. At this time, market volatility was very high, and though time
has elapsed, volatility does still persist today. Common practice tells that an
increase in volatility translates into an increase in surrounding uncertainty.
This scenario means higher possible gains as well as higher possible losses for
market participants. Consequently, high levels of potential profits have to be
balanced with high risk levels (e.g. high volatility) and corresponding possi-
ble losses (e.g. failures of hedge funds such as LTCM in 1998 and Amaranth
in 2006).
Such a setup launched the debate concerning the use of appropriate com-

parable data for measuring performance and appropriate comparable per-
formance measures. First, comparability concerns yielded the use of risk-
adjusted performance measures such as Sharpe and Treynor indexes among
others (Sharpe, 1966; Treynor, 1965). Such classic performance measures
are founded on a Gaussian return assumption and a mean-variance efficient
world. Second, assessing soundly hedge fund performance, and in a more
general way, performance requires to consider true performance proxies. It is
then common thought to use raw returns as performance measures. Returns
usually reflect the hedge fund manager’s skills in terms of management and
investment/trading strategy (i.e. hedge fund style). For this reason, using
raw returns is not recommended since returns encompass fees such as man-
agement and incentive fees, and operating costs among others, and usually
provide a too short performance history (Baquero et al., 2005; Horst and
Verbeek, 2007; Ibbotson and Chen, 2005; Kat and Menexe, 2003; Lavine,

1The reported number of hedge funds and fund of funds is approximately 10,000 in 2007
(source: Hedge Fund Research Inc., HFR industry report 2008), the number of hedge funds
being aroung 9,000 (source: EurekaHedge).
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2003; Liang, 2003; Weisman, 2002; Weisman and Abernathy, 2000).2 Raw
returns engender usually upward biased performance measures since exist-
ing fees tend to skew to the right related performance measures. This main
drawback advocates then the use of net-of-fees returns, namely returns that
are computed after excluding all possible fees. In that way, net returns rep-
resent a real performance proxy for hedge funds and illustrate also related
managers’ skills (Wermers, 2000). Finally, asset returns, and more specifi-
cally hedge fund returns often violate the Gaussian assumption (Eling, 2006;
Madan and McPhail, 2000; Taleb, 2007). Indeed, hedge fund strategies’ re-
turns are known to exhibit skewness and kurtosis patterns (Black, 2006; Eling
and Schuhmacher, 2006). Therefore, comparability concerns engender a need
for sound and reliable performance measures, which account for skewness at
least, and kurtosis when it is possible.
Our paper brings a major value added to hedge fund performance practice

while adjusting some well-known performance measures for skewness and,
to some extent, for kurtosis concerns. Namely, we focus on two classical
performance measures such as Sharpe and Treynor indexes, which are of
high significance to investors, portfolio managers and market participants.
However, Sharpe and Treynor ratios were showed to be biased (Klemkosky,
1973; Benefield et al., 2007). We propose therefore an adjustment to offset
such biases and to make Sharpe and Treynor indexes less sensitive to the
presence of skewness and kurtosis effects in asset returns.
Our paper is organized as follows. Section 2 introduces the data set

under consideration as well as related statistical properties and heterogeneity
features. As the cornerstone of our paper, section 3 proposes a correction
for two well known and acknowledged classic performance measures while

2The authors point out the non exhaustive pattern of historical data to assess future
possible asset behaviors or performance (i.e. data length and accuracy, incomplete informa-
tion content, insufficient information content of performance track records, or equivalently
short performance history) as well as related short volatility, illiquid, self-reporting and
look-ahead biases. Moreover, data are highly heterogeneous as a result of the optional na-
ture of hedge fund strategies and investment styles. To bypass this shortcoming, Weisman
and Abernathy (2000) propose a factor-based non-parametric performance analysis (i.e.
generic model decomposition), which is less sensitive to non exhaustive data, and which al-
lows for extrapolating hedge fund performance over various market scenarios. Differently,
Jones (2007) shows that certain qualitative aspects of hedge fund returns (e.g. size and
age) explain their respective performance. For example, small funds outperform larger
funds (but also exhibit higher volatility profiles) whereas the youngest funds outperform
older funds.
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section 4 handles the straightforward corresponding numerical application.
Finally, section 5 draws concluding remarks and possible future research

extensions.

2 Data

We introduce our data set, which is composed of benchmark indexes and
relevant market data.

2.1 Data set

We consider two distinct sets of daily return data3 ranging from January 3rd,
2005 to February 22nd, 2008, namely a total of 790 observations per series.
Returns are computed as the relative changes from one day to another, and
expressed in percent. The first set of data refers to hedge fund benchmarks
whereas the second set of data refers to equity and both corporate and Trea-
sury bond markets. Those two bullets of data present specific statistical
features.

2.1.1 Dow Jones Hedge Fund Indexes

The first set of data is provided by Dow Jones & Company Inc., and corre-
sponds to six Dow Jones Hedge Fund Strategy Benchmarks Indexes (DJHFS-
BIs) illustrating six style-pure strategies on one side,4 and three Dow Jones
Hedge Fund Balanced Portfolio indexes (DJHFBPIs) illustrating three spe-
cific mixed portfolio strategies on the other side. Style-pure indexes are
designed to track hedge funds’ performance based on single-strategy con-
siderations. They focus on six possible strategies, which are convertible ar-
bitrage (DJHFSB_CA), distressed securities (DJHFSB_DS), event driven
(DJHFSB_ED), equity long/short (DJHFSB_ELS), equity market neutral
(DJHFSB_EMN), and merger arbitrage (DJHFSB_MA). DJHFSB_CA in-
dex tracks arbitrage opportunities between convertible securities and related
common stocks. Managers usually trade convertible securities so as to hedge

3Except for the Implied Volatility Index whose level we consider on a percentage basis.
4Hedge funds are generally classified with regard to their respective size and investment

strategy. Therefore, hedge fund performance is envisioned in the light of the corresponding
investment styles and net asset values.
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stock price, expected stock volatility, interest rate and credit rating risks.
DJHFSB_DS index tracks investments in distressed securities, which exhibit
promising growth prospects (despite their temporary illiquidity due to bank-
ruptcy threat and potential reorganization process). DJHFSB_ED index
takes advantage of the market’s reaction to firm-specific events (e.g. IPOs,
mergers, LBOs, spin-offs, bankruptcies) and market-specific events (e.g. mar-
ket news). DJHFSB_ELS index seeks for positive long exposure to market
risk (which is hedged to some extent with positions on OTC derivatives).
Such a strategy attempts to benefit from the potential trade-off between un-
dervalued long positions and overvalued short positions in the U.S. equity
market. DJHFSB_EMN index targets a zero exposure to market risk while
combining long and short positions with similar market exposures. The eq-
uity long/short strategy attempts to identify and profit from potential mar-
ket opportunities (i.e. discrepancies between fundamental values and market
valuation). DJHFSB_MA index focuses on the potential benefits of the ar-
bitrage opportunities arising between the companies, which are involved in
a given merger or takeover (i.e. speculating on the prices before and after
the corporate event under consideration).5 DJHFSBIs are equal-weighted
indexes,6 which are reviewed on a quarterly basis through a continuous mon-
itoring and review process of constituent managers. The employed screening
process controls for leverage and investment constraints, firm-specific risk,
risk assessment (e.g. stress testing and value-at-risk), and style purity (e.g.
liquidity, transparency, and return consistency) among others.7 Basically,
each benchmark index (i.e. style cluster) represents approximately 5 to 8
managers, so that 38 managers are currently represented across 6 investment
styles (e.g. homogenous investment style clusters, and uniform investment
strategies). Indeed, style purity ensures unsystematic risk reduction with
few constituent managers in each DJHFSBI (Lhabitant and Learned, 2002).
Moreover, the benchmark indexes’ performance reflects the respective ag-
gregate net asset value (NAV) of each managed hedge fund within a style

5The risk linked with the corporate event under consideration is usually diversified
away in the portfolio.

6Equal-weighting avoids index performance skew resulting from a specific manager.
Moreover, DJHFSBIs are investable indexes, which reflect then style-specific risk-return
profiles. Indeed, these benchmark indexes provide investors with strategy-specific returns,
which are representative of the investment styles under consideration.

7The minimum asset requirement for a benchmark fund is generally of $50 million
whereas it is of $100 million for an equity long/short benchmark fund.
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cluster. The hedge funds’ NAVs are considered on a net-of-fees basis so that
they exclude both accrued management fees and performance fees.8 Finally,
DJHFSB_CA and DJHFSB_EMN indexes exhibit little exposure to equity
risk. DJHFSB_CA and DJHFSB_DS indexes exhibit exposure to credit risk
changes. DJHFSB_ED, DJHFSB_ELS and DJHFSB_MA indexes exhibit
exposure to both equity and credit (e.g. high yield) markets.
On the other side, DJHFBPIs track a strategy’s performance, which is

also net of administrative and management fees, and net of operating cost.
Specifically, the three DJHFBPIs are extracted from Strategy Portfolio In-
dexes (SPIs). SPIs are computed from DJHFSBIs while accounting for ad-
ditional information such as “cash accounts, liquidating manager accounts
and additional platform expenses”. Therefore, six SPIs are computed and
combined through a specific weighting scheme to yield the DJHFBPIs under
consideration. The DJHFBPIs are rebalanced so as to remain approximately
equally weighted across the underlying investment strategies. For example,
the DJHFBPI is equally weighted across the six investment styles above-
mentioned. Namely, its respective weights are allowed to deviate from the
1/6 reference proportion with a margin of only 2% (i.e. each weight may
lie between 14.67% and 18.67%, or equivalently 1/6 — 2% and 1/6 + 2%).
The Dow Jones Hedge Fund Balanced Portfolio index-AX (DJHFBPI_AX)
tracks the performance of a liquid portfolio, which is invested in the previous
style-representative SPIs except the equity long/short strategy index. There-
fore, its five weights may lie between 18% and 22% (i.e. 1/5 ± 2%). The Dow
Jones Hedge Fund Balanced Portfolio index-BX (DJHFBPI_BX) replicates
the performance of a “Euro-hedged” investment in a liquid portfolio, which is
allocated approximately equally across the style-representative SPIs except
the equity long/short strategy index. Moreover, DJHFBPIs’ composition is
reviewed monthly9 whereas DJHFBPIs are rebalanced on a quarterly basis

8The first hedge fund was created in 1949 by Alfred Winslow Jones. Employing a
market neutral strategy, the hedge fund applied a 20% level of incentive fees. Hedge fund
managers target to hedge risk with security short selling, and to generate return based
on leverage considerations. Usually, they are asked to invest a non-negligible portion of
their personal wealth in the hedge fund strategy so as to bear the hedge fund’s risks.
As a reward, they receive incentive fees when they generate performance (i.e. hedge
fund’s profits). Dow Jones & Company Inc. assumes a “2 and 20” structure, namely a
2% management fee and a 20% performance/incentive fee. The management fee is owed
monthly whereas the performance fee is owed annually.

9A liquidation, which is usually due to a termination, triggers a manager’s deletion
from any of these indexes.
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when it is necessary (i.e. when some weights happen to lie outside the allowed
target(s) ensuring approximately equal-weighted portfolio allocation).

2.1.2 Market data

The second data set is comprised of nine market indicators provided by Ya-
hoo Finance and the U.S. federal reserve website. The first subset of five
indicators refers to the U.S. equity market, namely the Dow Jones Industrial
Average index (DJIA), the Dow Jones Composite Average index (DJC), the
Standard &Poor’s 500 index (SP500), the Dow Jones CBOT Implied Volatil-
ity Index (VIX), and the Dow Jones Wilshire 5000 index (DWCF). Differ-
ently, the second subset of six indicators refers to the U.S. bond market,
namely the one-month and three-month risk free rates of interest, the Dow
Jones CBOTTreasury index (DJCBTI), the iShares Lehman Aggregate Bond
Fund NAV10 (Lehman Agg. NAV), the Lehman Bond Composite U.S. index
(Lehman Comp.) and the iShares iBoxx Investment Grade Corporate Bond
Fund NAV (iBoxx IG NAV).
As regards equity market indicators, the Dow Jones Industrial Average in-

dex was first created in 1896, and is composed of 30 ‘blue chip’ stocks. Indeed,
its constituent stocks correspond to the most acknowledged and high-quality
(e.g. financial strength and growth performance) companies. Moreover, the
component companies may belong to any economic sector except the utilities
or transportation sectors. DJIA index is a price-weighted indicator, which
usually represents more than twenty percent of the U.S. stock market. In a
more general way, the Dow Jones Composite Average index is composed of
the 65 most solid stocks of the U.S. financial markets. Indeed, constituent
stocks correspond to the 30 companies of the DJIA index, but also the 20
and 15 most outstanding companies of the transportation and utilities sec-
tors respectively. Differently, the SP500 index was created in 1957 and is
composed of 500 large-cap stocks, namely the 500 most prominent compa-
nies of the U.S. economy. SP500 index is a broad indicator of the U.S. equity
market since it covers around 75% of the market (e.g. operating companies,

10NAV stands for net asset value. We computed the return of iShares Lehman Aggregate
Bond Fund’s net asset value. The fund’s NAV is the difference between the values of its
assets and its liabilities, which is normalized by the number of outstanding shares. The
assets’ value stems from the closing prices of the fund’s respective securities. Investors
usually consider the NAV as a long-term performance indicator, which they balance with
a relevant benchmark.
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which are representative of existing economic sectors). Indeed, the index
components must have a market capitalization of at least $5 billion and a
publicly available float of at least 50% of their respective market capital-
izations. Moreover, the index is computed based on float-adjusted market
capitalization considerations (refer to http://www2.standardandpoors.com
for further details). As a larger extension, the Dow Jones Wilshire 5000
index is a broad indicator of the U.S. equity market since it covers 4,850
equity securities. The Dow Jones Wilshire 5000 index deals with the pri-
mary equity issues of U.S. companies, which provide securities with ‘readily
available’ prices (see Dow Jones & Company, Inc. and Wilshire Associates
Incorporated for further information). Moreover, its first version founded
on full market capitalization considerations was first created in December
1970 whereas its floating-adjusted version was introduced later in December
1991. Hence, the DWCF index is computed based on a float-adjusted market
capitalization principle11 and is reviewed monthly. From a totally different
viewpoint, the CBOE Volatility Index was introduced in 1993 and reflects
the very short-term expectations about market volatility while extracting
information from SP500 option prices. Indeed, VIX index has been proved
to be a relevant indicator for hedge fund returns, namely in diversification
or downside risk hedge prospects (Chadwick, 2006; Dash and Moran, 2005;
and McMillan, 2007). Basically, Keith Black (2006) argues that hedge fund
strategies are generally subject to significant skew and kurtosis risk, and im-
plied volatility is correlated with significant skew and kurtosis triggers (e.g.
large market moves).
As regards bond market indicators, the two short-term risk free rates are

provided by the U.S. Federal Reserve (i.e. one- and three-month U.S. Trea-
sury bills r1M and r3M). The Dow Jones CBOT Treasury index was created
in April 2004 in order to replicate the performance of the U.S. Treasury Bond
Market. It is representative of the default-free U.S. fixed income market and
illustrates the market reaction to economic evolution as well as market ex-
pectations. The DJCBTI index is composed of three futures contracts (i.e.
the CBOT five-year Treasury note, the CBOT ten-year Treasury note and
the CBOT Treasury bond futures). Specifically, it is weighted by Macaulay
modified duration and updated on a quarterly basis. We therefore consider

11Computing equity market indexes based on the float-adjusted market capitalization
principle allows for considering only shares, which are really tradable and investable. The
number of shares, which are truly available to different investors in the market, is then
accounted for.

8

560



two different risk free rate proxies. Concerning the remaining data, iShares
denomination applies to Barclays Global Investors’ exchange-traded funds.12

Specifically, an iShare fund targets to replicate a benchmark index from the
stock market or the bond market. Namely, the iShares Lehman Aggregate
Bond Fund started in September 22nd, 2003 and replicates the performance13

(e.g. price and yield profiles before fees and expenses) of the U.S. investment-
grade bond market as represented by the Lehman Brothers U.S. Aggregate
Bond Index. The Lehman Brothers U.S. Aggregate Bond Index is a monthly
rebalanced index, which is weighted by market capitalization. It was created
in January 1986, and is composed of approximately 9,200 securities at the end
of year 2007. Basically, this index is composed of the Lehman Brothers Gov-
ernment/Corporate Bond, Mortgage-Backed Securities (MBS), Asset-Backed
Securities (ABS) and Commercial Mortgage-Backed Securities (CMBS) in-
dexes, and handles investment-grade securities with both a time to maturity
of one year or more and an outstanding par value of $100 million or above.14

Specifically, Lehman Brothers Government/Corporate Bond index refers to
Treasury, government and corporate bonds (i.e. government and corporate
debt). Lehman Brothers MBS index and Lehman Brothers ABS index refer
respectively to securitized mortgage baskets15 with fixed rate on one side, and
to credit card, auto and home equity loans on the other side. Lehman Broth-
ers CMBS index accounts for the investment-grade, high yield, interest-only
and ‘commercial conduct whole loan’ segments. As an extension, Lehman
Brothers provide investors with customized indexes such as Lehman Bond
Composite U.S. index. Lehman Comp. index is designed to match specific
cash flow objectives. For this purpose, this index is a combination of existing
Lehman Brothers’ indexes. Basically, the Lehman Brothers U.S. Aggregate
index represents 50% of Lehman Comp. index whereas the remaining 50%
consist of the Lehman Brothers Intermediate Government/Credit, MBS and
ABS indexes. Finally, the iShares Investment Grade Corporate Bond Fund

12An exchange-traded fund (ETF) is a basket of assets (e.g. stocks, bonds, futures),
which is traded on stock exchanges. ETFs are traded since 1993 in the United States.
This investment vehicle allows for tracking the net asset value of the fund’s underlying
assets (e.g. redemption and creation units features).
13While setting up an index tracking strategy.
14Moreover, constituent securities need to be U.S. dollar-denominated, fixed-rate, non-

convertible and taxable assets.
15Mortgage pass-through securities such as Ginnie Mae (GNMA), Fannie Mae (FNMA)

and Freddie Mac (FHLMC).
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was created in July 22nd, 2002. The iBoxx IG NAV tracks the performance
profile (i.e. price and yield levels before fees and expenses) of the investment
grade corporate market as represented by the iBoxx Liquid Investment Grade
index.16 The iBoxx Liquid Investment Grade index is composed of 100 highly
liquid, investment grade and fixed income U.S. dollar-denominated corporate
bonds (i.e. corporate debt issues). It is representative of the broad corporate
bond market under a strong liquidity constraint. Indeed, constituent bonds
must have a minimum residual time to maturity of 3.5 years, an outstanding
value of at least $500 million; fulfill Lehman Brothers’ liquidity assessment
process. Moreover, iBoxx Liquid Investment Grade index is a price-weighted
index with equal price weights, and is rebalanced on a monthly basis.17

2.2 Key features

We introduce here some useful and specific descriptive statistics, which give
a good representation / characterization of the data under consideration. Ta-
bles 1 and 2 display related mean, median, volatility (i.e. standard deviation)
values as well as corresponding skewness and kurtosis moments. Skewness
and kurtosis are important distribution indicators insofar as they allow for
describing well-known risk asymmetries (e.g. risk proportion with which a
time series tend to deviate from its average level, and the heaviness of such
a risk as described by the number of observations far enough from the mean
value, be it from below or from above sides). As a complement, figure 1
helps assessing the impact of such higher moments with comparison to me-
dian hedge fund returns.

As regards table 1, hedge fund indexes exhibit a negative skewness and
an obviously positive excess kurtosis as reported in the previous literature
(Black, 2006; Eling, 2006; Eling and Schuhmacher, 2006; Taleb, 2007). We
are therefore far from the ideal Gaussian profile (Eling, 2006; Taleb, 2007).

16Formerly, a group of dealers composed of Deutsche Bank, ABN Amro and Citigroup
among others, created iBoxx indexes. The iBoxx index series offer various exposures to
the credit risk (i.e. specific asset class) all over the world. Introduced in 1999 as the
GS $ InvesTop index, the iBoxx Liquid Investment grade index was initially created by
Goldman Sachs Group Inc. and encompassed 30 components. On July 1st 2002, it was
then enlarged to 100 components so as to offer a better representativeness of the financial
market under consideration.
17Refer to Markit Group Limited at http://www.markit.com for further details.
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Table 1: Descriptive statistics of hedge fund indexes

DJHF
Index

Mean Median
Std.
Dev.

Skewness
Excess
Kurstosis

Min.
(Max.)
[Range]

SB_CA 0.0096 0.0222 0.2066 -0.6946 3.2724
−1.1809
(0.7834)
[1.9643]

SB_DS 0.0209 0.0346 0.1797 -0.1931 2.2998
−0.6438
(1.0129)
[1.6567]

SB_ED 0.0295 0.0516 0.2809 -0.4795 1.3416
−1.1331
(0.9818)
[2.1148]

SB_EMN 0.0119 0.0000 0.1928 -0.5377 33.2950
−1.8233
(1.7537)
[3.5770]

SB_MA 0.0336 0.0414 0.2384 -0.5460 3.9356
−1.3488
(0.8985)
[2.2473]

ELS 0.0325 0.0687 0.5158 -0.5331 2.0077
−2.3231
(2.4459)
4.7689

BPI 0.0207 0.0434 0.1823 -0.7326 2.4654
−0.8461
(0.7277)
[1.5739]

BPI_AX 0.0194 0.0337 0.1361 -0.7492 2.8764
−0.6802
(0.5187)
[1.1989]

BPI_BX 0.0118 0.0239 0.1443 -0.7114 2.9836
−0.7445
(0.6118)
[1.3563]
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According to Black (2006), skewness and kurtosis reflect the event and liq-
uidity risks18 taken by hedge funds whereas Brooks and Kat (2002) point
out the uninteresting high Sharpe ratios in the presence of negative skewness
and positive excess kurtosis. Moreover, DJHFBPI_AX returns exhibit the
lowest standard deviation and skewness statistics. Furthermore, the average
hedge fund returns generally lie below related median hedge fund returns ex-
cept for DJHFSB_EMN returns. If a style-specific hedge fund performance
results from the trade-off between mean or median returns on one side, and
both skewness and excess kurtosis on the other side, then the issue is not
clear or even obvious. It seems hard to draw conclusions based on the only
observation of low and high order statistics.

As regards table 2, DJCBTI, VIX and Lehman Comp. indicators exhibit a
positive skewness whereas the other market data exhibit a negative skewness
(i.e. more values lie below the time series’ historical average as compared
to the number of values lying above the historical average). Moreover, all
the market data exhibit a positive excess kurtosis except the risk free rate
of interest (i.e. fatter tails than the Gaussian distribution). Furthermore,
market data averages are generally lower than related median values except
for DJCBTI, VIX and Lehman Comp. indicators (due to their related right
skew). Finally, the risk free rate of interest exhibits a low standard deviation
and evolves therefore around its historical average.
As firstly exhibited in figure 1, the two benchmark risk free rates are

very similar in terms of higher order moments and median values. Sec-
ond, the hedge fund benchmark indexes can be split into 4 groups in terms
of skewness and kurtosis statistics. The first cluster consists of DJHFBPI,
DJHFBPI_AX and DJHFBPI_BX indexes whereas the second cluster cor-
responds to DJHFSB_MA, DJHFSB_ED and DJHFSB_ELS indexes. Fi-
nally, DJHFSB_DS and
DJHFSB_EMN indexes are two distinct unit clusters byt hemselves. More-
over, the non-Gaussian behavior of previous data is clear since they do not
lie on the far right axis. And, the heterogeneous nature of hedge fund data
as represented by the hedge fund indexes under consideration is obvious (i.e.
stylized fact due to the optional nature underlying certain hedge fund strate-
gies and styles such as volatility short-selling for example). Indeed, merger
arbitrage, certain fixed income arbitrage, and statistical arbitrage (i.e. pair

18Moreover, these risks are correlated with equity volatility.
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Table 2: Descriptive statistics of market data

Market
Data

Mean Median
Std.
Dev.

Skewness
Excess
Kurstosis

Min.
(Max.)
[Range]

r1M 0.0111 0.0116 0.0027 -0.4264 -1.1515
0.0046
(0.0146)
[0.0101]

r3M 0.0114 0.0122 0.0026 -0.5028 -1.1460
0.0054
(0.0144)
[0.0090]

DJCBTI 0.0071 0.0000 0.2820 0.0390 1.0341
−1.2576
(1.0304)
[2.2879]

DJIA 0.0205 0.0509 0.7767 -0.4260 1.6925
−3.2933
(2.5544)
[5.8477]

DJC 0.0312 0.0846 0.8629 -0.2554 1.3819
−3.2509
(4.0279)
[7.2788]

SP500 0.0173 0.0788 0.8190 -0.4101 2.0053
−3.4725
(2.9208)
[6.3933]

VIX 0.2954 -0.2910 6.8176 1.6002 11.5450
−25.9087
(64.2152)
[90.1239]

DWCF 0.0199 0.0819 0.8297 -0.3775 1.6474
−3.4099
(2.9208)
[6.3307]

Lehman
Agg.
NAV

-0.0007 0.0099 0.2177 -0.2338 1.0044
−0.9093
(0.7614)
[1.6707]

Lehman
Comp.

0.0608 0.0113 3.0876 8.1319 223.4001
−33.7513
(51.1168)
[84.8681]

iBoxx
IG
NAV

-0.0077 0.0094 0.2589 -0.2336 0.6375
−0.9995
(0.7656)
[1.7650]
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Figure 1: Hedge fund indexes and risk free rates statistics.

trading) strategies among others belong to the class of short-volatility in-
vesting strategies.19 Moreover, the selected reporting frequencies and trading
strategies (i.e. degree of aggressiveness) impact reported returns and related
volatility (i.e. hedge fund performance).20

19Such volatility strategies contribute to the risk asymmetries between hedge fund
styles and related performance. For example, the main risk sources describing mortgage-
backed securities strategies are the underlying class performance, the corresponding lever-
age, and the exposure structure of managers’ fixed-income options (e.g. volatility short
sales).Differently, convertible arbitrage strategies are essentially exposed to equity and
corporate bond markets’ reversals, and volatility increases in the fixed-income market
(Weisman and Abernathy, 2000).
20See Veinstein and Abdulali (2002). For example, Weisman and Abernathy (2000) draw

attention to the relationship between options’ short-selling and volatility. They explain
that fixed income options’ short-sales attempt to replicate managers’ low volatility. They
also report a high and significant serial correlation in monthly returns. Considering these
correlation results of Weisman and Abernathy (2000), we understand where the non-
Gaussian feature of hedge fund returns comes from.
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3 Proposing a correction

We propose a correction for two classical performance measures, which
were proved to be unadapted to assess hedge funds performance among oth-
ers. The lack of coherency is due to the violation of the well-known Gaussian
behavioral assumptions for market data (i.e. security returns). Indeed, hedge
fund returns are highly asymmetric and exhibit significant skewness (Black,
2006; Eling, 2006; Getmansky et al., 2004; Taleb, 2007).

3.1 Simple considerations

We underline here the impact of skewness and kurtosis on two classi-
cal performance measures, namely Sharpe and Treynor ratios. These two
performance indexes are founded on the Gaussian asset return assumption.
Under symmetric distributions such as the Gaussian law, mean and vari-
ance moments are sufficient to describe the financial universe. Indeed, the
efficient mean-variance setting à la Markowitz describes conveniently the fi-
nancial market in terms of risk-return trade-off. This is due to the fact that
the standard deviation metric is representative of the risk of deviating from
the mean value (i.e. upside and downside risks are symmetric). However,
under an asymmetric distribution setting the previous comments no more
holds, and we need to account for the asymmetric downside (i.e. left tail)
and upside (i.e. right tail) risk profiles (e.g. fat-tailed hedge fund returns
documented by Eling, 2006 among others). In such a case, mean and vari-
ance moments are no more sufficient to describe assets’ risk levels so that
returns’ volatility (i.e. standard deviation) misestimates hedge fund risks
(Kat, 2005; Khanniche, 2008; Liang and Park, 2007). Therefore, the signif-
icance of the higher moments above-mentioned biases the ranking inferred
from the previous Gaussian-based performance measures. Namely, the mean-
variance framework underestimates the downside risk as represented by the
risk related to negative outcomes (Agarwal and Naik, 2004). And, the left-
tail risk as represented by the skewness statistic may grow as the portfolio’s
(i.e. the fund’s) diversification level increases (Harvey et al., 2004; Liang and
Park, 2007). By the way, Goldman (2003) and Hull (2006, 2007) show that
probability-based measures such as Value-at-Risk (VaR) are flawed, and ad-
vocates the use of downside volatility risk measures (e.g. expected shortfall
is a better risk measure than VaR due to its sub-additivity property). In-
deed, Liang and Park (2007) show expected shortfall and tail risk measures
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Figure 2: Asymmetric probability density function.

to capture strongly the left-tail risk describing the cross-sectional discrepan-
cies in hedge fund returns. Moreover, in terms of risk measure effectiveness,
expected shortfall is better than VaR for measuring downside risk whereas
the Cornish-Fisher setting is better than both expected shortfall and tail
risk measures (after controlling for hedge funds’ style, liquidity, age and size
features). Consequently, higher order moments have to be considered while
assessing hedge fund risk and performance, and in order to account for re-
turn heterogeneity as well as style heterogeneity21 (Ackermann et al., 1999;
Boyson, 2003; Mc Fall Lamm, 2003; Moix and Schmidhuber, 2001).

Assuming Gaussian security and portfolio returns, Sharpe ratio (S) and
Treynor ratio (T ) represent the security risk premium adjusted by the secu-
rity return’s volatility (i.e. the security return’s global risk) and the security’s
systematic risk22 (i.e. the security’s beta as defined by Sharpe’s CAPM) re-
spectively (Sharpe, 1966, 1994; Treynor, 1965). Put in the other way, Sharpe

21Namely, heterogeneity results from the discrepancies in fund characteristics.
22The computation of the corresponding beta relies on the mean-variance efficiency of

the selected market index.
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and Treynor indexes are simply the excess returns per unit of global risk and
per unit of systematic risk respectively. They write:

S = Sharpe =
μ− rf
σ

(1)

T = Treynor =
μ− rf
β

(2)

where μ and rf are the arithmetic means of the security return and the risk
free rate over the studied time horizon; σ is the security return’s standard
deviation. And finally, β = Cov (P,M) /σ2M is the security return’s beta
so that P and M are the respective returns of the security and the market
portfolio under consideration; σ2M is the variance of the market portfolio’s
return over the studied time horizon.
Unfortunately, these two reference measures exhibit well-know biases (Bene-

field et al., 2007; Boyson et al., 2004; Hodges, 1998; Kat and Miffre,23 2003;
Klemkosky, 1973; Spurgin,24 2001; Veinstein and Abdulali,25 2002). First,
Sharpe index penalizes any security presenting unusually high returns (Miller
and Gehr, 1978). Second, the quality of Sharpe ratio as well as the resulting
fund ranking depend on the prevailing market trend (Scholz and Wilkens,
2005).26 As an extension, Carretta and Mattarocci (2009) show that classic
risk adjusted performance measures fail to distinguish the best hedge fund
performers, and that related fund rankings are non-persistent over time.27

Moreover, Sharpe ratio doesn’t account for how much a return series devi-
ates from its historical average value from below or from above. The only

23Those authors show that static risk adjusted performance measures are inappropriate
under time series asymmetry settings. Moreover, Sharpe ratio tends to overestimate hedge
fund performance.
24This author emphasizes the performance overestimation generated with Sharpe ratio.
25The authors underline the inappropriateness of Sharpe ratio to assess funds focusing on

illiquid assets (e.g. mortgage-backed securities, high-yield and convertible bonds). They
propose to extend Sharpe ratio in order to account for liquidity risk. For this purpose,
they implement a new risk adjusted performance measure under a utility-based framework
(i.e. to account for investor preferences).
26Those authors show that Sharpe ratio is biased by the market climate.
27The authors advocate the use of more appropriate risk measures in volatile market

conditions. However, the trade-off between the complexity and the usefulness of possible
risk adjusted performance measures has to be considered.
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deviation measure is the standard deviation, or equivalently volatility (i.e. no
range considerations). The last remark also applies to Treynor ratio through
the covariance and variance measures employed in beta’s computation. Fi-
nally, the choice of the market index may be critiqued (Jobson and Korkie
1981; Roll, 1978).
Taking into account the capability and magnitude of return time series

to deviate from their historical means, we can rewrite Sharpe and Treynor
indexes as follows:28

S = w− ×
μ− rf
σ

+ w+ ×
μ− rf
σ

(3)

T =
μ− rf
β

with β =
wM− σPM,5 + wM+ σPM,6

wM− σ2M− + wM+ σ2M+

(4)

where w− = n−/n and w+ = n+/n are weights; wM− = nM−/n and wM+ =

nM+/n are also weights; while σPM,5 =
nX

t=1, Mt≤μM

(Pt − μ) (Mt − μM) /nM−,

σPM,6 =
nX

t=1, Mt>μM

(Pt − μ) (Mt − μM) /nM+; σ2M− =
nX

t=1, Mt≤μM

(Mt − μM)
2

/nM− and σ2M+ =
nX

t=1, Mt>μM

(Mt − μM)
2 /nM+ are deviation risk measures.

The number of observed cases when security or portfolio return P and market
returnM lie below (or strictly above) their historical mean values are labelled
n− and nM− (n+ and nM+) respectively. The significance of this writing is
such that σM− is the average downside deviation and σM+ is the average
upside deviation from the market return’s mean. The same definitions apply
respectively to the average downside and upside deviations σ− and σ+ from
the portfolio’s return.
Therefore, the potential biases appear clearly intuitive insofar as both

classic risk-adjusted performance measures do not disentangle the existence
and magnitude of potential right and left skews in return time series. Indeed,
Sharpe index and the beta measure employed in Treynor ratio rely on non-
homogeneous skew considerations. We propose then to render them more
homogeneous in terms of skew risk, and to offset the related skew-based
biases.
28Refer to the appendix for proofs and explanations.
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3.2 A natural correction

We introduce here a correction aimed at rebalancing the presence of
skewness and kurtosis while assessing the performance of a hedge fund for
example. The basic idea is simple insofar as we just account for the exist-
ing skewness, namely the ability of a return time series to deviate frequently
from its average value in an asymmetric manner (i.e. the asymmetry between
the proportion of observed returns lying above the time series’ mean and the
proportion of observed returns lying below the mean value in some statistical
sense).29 Namely, the asymmetry between upside deviations and downside
deviations from the mean value is closely linked with skewness. And, we also
account for the kurtosis effect, namely the significance and the magnitude of
the asymmetry in the distribution of a return time series around its average
value (i.e. fat tail features and asymmetric tail patterns).30 Namely, the
respective magnitudes of upside and downside deviations are closely linked
with kurtosis (i.e. probability of observing extreme moves). Taking into ac-
count such asymmetries yields homogeneous performance measure formulas
while weighting the cases were a time series lies above or below its average
value by the related frequency of observed cases.
We propose therefore the following modified version S∗ of Sharpe ratio:

S∗ = w− ×
μ− − rf
σ−

+ w+ ×
μ+ − rf
σ+

(5)

where S∗ is a skew-specific adjusted risk premium (SSARP). It corresponds to
the weighted average of the left-skewed adjusted risk premium (μ−− rf)/σ−
and the right-skewed adjusted risk premium (μ+ − rf)/σ+.

We also propose a modified version of the Treynor ratio. The new version
T ∗ relies on a modified version β∗ of Sharpe’s beta depending on the downside
or upside market risk patterns.

T ∗ =
μ− rf
β∗

(6)

where
β∗ = wM−

σPM,5

σ2M−
+ wM+

σPM,6

σ2M+

(7)

29Loss and gain probabilities are asymmetric.
30There exist magnitude discrepancies in the probabilities of facing extreme negative

and positive events.
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Indeed, beta is weighted and defined with regard to the right and left skews of
the market return. And, it considers the related partial covariances between
the hedge fund index return and the market return.

4 Numerical Application

We apply here the correction to the previous classical performance mea-
sures so as to reduce the observed bias induced by skewness and kurtosis
concerns. We also compare the obtained performance assessment and rank-
ings with the ones inferred from classic performance measures.

4.1 Sharpe index

We compute Sharpe ratios while considering two different risk free rate bench-
marks rf (i.e. r3M and DJCBTI index)31 representative of the U.S. Treasury
bond market and while replacing the market benchmark M with other ap-
propriate stock market indexes. We display in table 3 the results we obtain
when considering the classic and corrected Sharpe index as represented by
equations (1) and (5). Results are computed while considering two different
risk free rate benchmarks, namely the three-month Treasury bill rate and
the DJCBTI return. Recall that daily returns are considered on a percent-
age basis.
SHORT COMMENT TO WRITE.
Previous results yield an interesting ranking of our hedge fund benchmark

indexes and portfolios (see table 4). We consider computed Sharpe ratios as
increasing functions of the obtained values.
As regards classic Sharpe ratio, we obtain the same rank for 77.7778

percent of Dow Jones hedge fund indexes whatever the risk free rate bench-
mark. As regards the new Sharpe ratio, the corresponding percentage falls
to 44.4444 percent. Moreover, the obtained ranking is totally different when
we switch from the classi to the new Sharpe ratio. Accounting for time series
asymmetry induces a structural change in the ranking.

31Since the one- and three-month risk free interest rates behave in a similar way and
results are very close whatever the short-term risk free rate under consideration, we display
only the results obtained with the three-month risk free rate of interest.
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Table 3: Classic and new Sharpe ratios

DJHF S S∗

Index r3M DJCBTI r3M DJCBTI
SB_CA -0.0089 0.0070 0.0580 0.0789
SB_DS 0.0532 0.0383 0.1202 0.1443
SB_ED 0.0644 0.0510 0.1442 0.1597
SB_EMN 0.0026 0.0138 -0.0175 0.0047
SB_MA 0.0934 0.0671 0.1317 0.1496
SB_ELS 0.0410 0.0396 0.1328 0.1413
BPI 0.0509 0.0365 0.1755 0.1999
BPI_AX 0.0587 0.0363 0.1743 0.2068
BPI_BX 0.0025 0.0135 0.0977 0.1280

Table 4: Classic and new Sharpe ratios

DJHF S S∗

Index rank r3M DJCBTI r3M DJCBTI
1 SB_CA SB_CA SB_EMN SB_EMN
2 BPI_BX BPI_BX SB_CA SB_CA
3 SB_EMN SB_EMN BPI_BX BPI_BX
4 SB_ELS BPI_AX SB_DS SB_ELS
5 BPI BPI SB_MA SB_DS
6 SB_DS SB_DS SB_ELS SB_MA
7 BPI_AX SB_ELS SB_ED SB_ED
8 SB_ED SB_ED BPI_AX BPI
9 SB_MA SB_MA BPI BPI_AX
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Table 5: Classic Treynor ratios vs. the three-month rate and several market
benchmarks

DJHF
index

DJIA DJC SP500 DWCF
Lehman
Agg.
NAV

Lehman
Comp.

iBoxx
IG
NAV

SB_CA 0.0355 0.0356 0.0360 0.0364 -0.0517 -0.6835 -0.0152
SB_DS 0.1104 0.1213 0.1142 0.1094 -0.1428 -5.7053 -0.4497
SB_ED 0.0650 0.0716 0.0661 0.0654 -0.0953 -4.8492 -0.1593
SB_EMN 0.0153 0.0147 0.0162 0.0167 -0.0048 0.2089 -0.0067
SB_MA 0.1935 0.2070 0.1908 0.1852 -0.2003 -7.4657 -0.2597
SB_ELS 0.0454 0.0497 0.0445 0.0436 -0.0511 -9.4212 -0.0902
BPI 0.0594 0.0653 0.0593 0.0582 -0.0574 -7.7053 -0.1135
BPI_AX 0.0817 0.0892 0.0831 0.0815 -0.0797 -8.7404 -0.1791
BPI_BX 0.0038 0.0042 0.0038 0.0038 -0.0036 -0.2248 -0.0078

4.2 Treynor index

We provide the estimates for the new Treynor ratio after accounting for
skewness and kurtosis patterns in asset returns. We consider successively
the available risk free rate benchmarks and their replacement with other
interest rate benchmarks representative of the U.S. bond market. We also
consider bond and market benchmarks to check for the behavior of Treynor
ratios. Classic and modified Treynor indexes are displayed in tables 5 to 7.
First, consider Treynor ratios relative to the three-month risk free rate

benchmark. As regards classic ratios, DJC and DJIA benchmark-based com-
putations yield the same ranking of hedge fund indexes for 100 percent of
cases. This number falls to 11.1111 percent when we use the “Lehman Ag-
gregate NAV” indicator as a market benchmark. On the contrary, we obtain
the same ranking for 100 percent of new Treynor ratios whatever the market
benchmark under consideration. However, switching from the classic Treynor
ratio to the modified one triggers a structural change in hedge fund styles’
ranking. Indeed, none of the new rankings (i.e. rankings implied by the
new modified ratios) can fit the old ranking (i.e. rankings implied by classic
ratios) with regard to DJIA and DJC market indexes. However, this number
rises to 33.3333 percent relative to the “Lehman Aggregate NAV” case (i.e.
market benchmark).
Second, consider Treynor ratios relative to DJCBTI return as a risk free
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Table 6: Classic Treynor ratios vs. DJCBTI return and several market bench-
marks

DJHF
index

DJIA DJC SP500 DWCF
Lehman
Agg.
NAV

Lehman
Comp.

iBoxx
IG
NAV

SB_CA 0.0594 0.1643 0.0825 0.0903 -0.0022 -2.7984 -0.0032
SB_DS 0.0771 0.0952 0.0842 0.0839 -0.0113 -2.6423 -0.0153
SB_ED 0.0602 0.0701 0.0632 0.0632 -0.0166 -3.0693 -0.0225
SB_EMN 0.0380 0.0475 0.0428 0.0444 -0.0038 -4.1228 -0.0050
SB_MA 0.1277 0.1526 0.1346 0.1343 -0.0209 -4.0597 -0.0275
SB_ELS 0.0455 0.0516 0.0458 0.0452 -0.0162 -4.3844 -0.0228
BPI 0.0544 0.0650 0.0572 0.0572 -0.0103 -2.8466 -0.0141
BPI_AX 0.0643 0.0786 0.0694 0.0699 -0.0097 -2.7416 -0.0133
BPI_BX 0.0246 0.0302 0.0265 0.0267 -0.0037 -0.8958 -0.0050

Table 7: New Treynor ratios vs. DJCBTI return, three-month rate and
market benchmarks

R3M DJCBTI
DJHF
index

DJIA DJC
Lehman
Agg. NAV

DJIA DJC
Lehman
Agg. NAV

SB_CA 0.0337 0.0341 -0.0520 0.0740 0.2714 -0.0021
SB_DS 0.1179 0.1274 -0.1327 0.0821 0.1003 -0.0111
SB_ED 0.0654 0.0724 -0.0928 0.0614 0.0715 -0.0164
SB_EMN 0.0176 0.0164 -0.0049 0.0412 0.0511 -0.0038
SB_MA 0.1952 0.2106 -0.1994 0.1317 0.1575 -0.0207
SB_ELS 0.0457 0.0502 -0.0511 0.0462 0.0525 -0.0161
BPI 0.0606 0.0667 -0.0571 0.0564 0.0671 -0.0102

BPI_AX 0.0843 0.0920 -0.0788 0.0673 0.0820 -0.0096
BPI_BX 0.0039 0.0043 -0.0035 0.0258 0.0316 -0.0036
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rate benchmark. As regards classic ratios, DJC and DJIA benchmark-based
computations yield the same ranking of hedge fund indexes for 66.6667 per-
cent of cases. This percentage falls to 22.2222 percent when we use the the
“Lehman Aggregate NAV” indicator as a market benchmark. Differently,
new Treynor ratios provide the same hedge funds’ rankings in 44.4444 per-
cent of cases with regard to DJIA and DJC market benchmarks. However,
this percentage falls to 11.1111 when we consider the ratios computed rel-
ative to the “Lehman Aggregate NAV” indicator as a market benchmark.
Finally, the obtained rankings are similar for classic and new Treynor ratios
in 66.6667 percent of cases when we consider either DJIA or DJC as a market
benchmark. Strikingly, this percentage rises to 100 percent when we com-
pare the classic and new Treynor indexes computed relative to the “Lehman
Aggregate NAV” benchmark.
Consequently, accounting for asymmetric features in hedge fund returns

triggers more or less structural changes in the rankings inferred from Treynor
ratio. Before concluding firmly, we still have to consider the other available
benchmarks and consider them with regard to their coherency with the hedge
fund style under consideration. This is the further work, which is currently
under progress but cannot be incorporated to the paper due to a lack of
time. We also work on an improved second proposal for a better risk-adjusted
performance measure derived from Treynor principle.

5 Conclusions

Hedge funds allow for widening the investment opportunity set, portfolio di-
versification, and competitive risk-return profiles among others. Moreover,
they apply specific investment policies and bear particular risks (e.g. different
return volatility profiles such as low, moderate, high or variable), which de-
pend on their corresponding investment style. The investment style they may
apply often generates optional underlying return features and non-normality
patterns. Indeed, non-normality has now become a common market feature.
We proposed to account for such asymmetric and non-Gaussian fea-

tures while modifying two classical performance indexes, namely Sharpe and
Treynor ratios. We adjusted these two classic risk-adjusted performance
measures for skew risk while making them homogeneous in term of poten-
tial right and left skews in return time series. The asymmetry between the
proportions of upside and downside deviations from the mean is closely re-
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lated to skewness whereas the respective magnitudes of upside and downside
deviations are closely linked with kurtosis. Indeed, skewness statistic is an
important investment parameter since individuals trade expected returns for
their respective skewness (Canela and Collazo, 2007).
We found little differences in terms of hedge fund styles’ ranking when

considering either the three-month Treasury rate or the DJCBTI return as
a risk free rate. However, modifying the classic performance measures to
account for skewness and non normality in return times series induces a
structural change in the obtained Dow Jones hedge funds’ rankings.
But nowadays the hedge fund community is more pointing at the means

to hire and motivate skilled managers (e.g. rising hedge fund costs) and
upgrading the risk control processes currently at stake. Indeed, the current
hedge fund debate focuses on how to discriminate between skilled and lucky
managers. The hedge fund industry acknowledges officiously that skilled
managers are far more numerous than lucky ones. But the frontier between
both classes of managers remains far from being evident.

6 Appendix

We propose some useful proofs and concepts in this section, which are
interesting and helpful for the understanding of our work.

6.1 Rewriting the mean and the variance

We can easily rewrite the mean in terms of skewness and kurtosis con-
siderations. Roughly speaking, recall that the skewness refers to the extent
to which a time series deviate from its average value in an asymmetric way.
Differently and broadly speaking, the kurtosis refers to the proportions of
observed cases lying more or less far above the mean or far below the mean
in some statistical sense (i.e. fat and asymmetric tail patterns).
Consider a time series X with n observations, then the related mean μ

writes as:

μ =
1

n

nX
t=1

Xt

Introducing the dummy function 1 {A} taking the unit value when the subset
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A is satisfied and zero else, the mean can be rewritten as follows:

μ =
1

n

nX
t=1

Xt × (1 {Xt ≤ μ}+ 1 {Xt > μ})

=
1

n

nX
t=1

Xt × 1 {Xt ≤ μ}+ 1
n

nX
t=1

Xt × 1 {Xt > μ}

which yields

μ =

⎛⎜⎜⎜⎜⎜⎝
n−
n

1

n−

nX
t = 1
Xt ≤ μ

Xt

⎞⎟⎟⎟⎟⎟⎠+
⎛⎜⎜⎜⎜⎜⎝
n+
n

1

n+

nX
t = 1
Xt > μ

Xt

⎞⎟⎟⎟⎟⎟⎠
and then

μ = w− μ− + w+ μ+

where w− = n−/n and w+ = n+/n are the respective proportions of ob-
served values below and above the mean so that w− + w+ = 1, and μ− =

nX
t=1, Xt≤μ

Xt/n− and μ+ =
nX

t=1, Xt>μ

Xt/n+. Notice that μ− and μ+ relate to

skewness whereas w− (i.e. proportion of the left side to the mean) and w+
(i.e. proportion of the right side to the mean) refer to both skewness and
kurtosis patterns.

We propose now to rewrite the variance statistic σ2 in an analogous way to
the first part of this subsection. The variance is the average square distance
to the mean so that:

σ2 =
1

n

nX
t=1

(Xt − μ)2
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which can be rewritten simply as

σ2 =
1

n

nX
t=1

(Xt − μ)2 × 1 {Xt ≤ μ}+ 1
n

nX
t=1

(Xt − μ)2 × 1 {Xt > μ}

=
1

n

nX
t=1, Xt≤μ

(Xt − μ)2 +
1

n

nX
t=1, Xt>μ

(Xt − μ)2

=

Ã
n−
n

1

n−

nX
t=1, Xt≤μ

(Xt − μ)2
!
+

Ã
n+
n

1

n+

nX
t=1, Xt>μ

(Xt − μ)2
!

and finally
σ2 = w− σ2− + w+ σ2+

where σ2− =
nX

t=1, Xt≤μ
(Xt − μ)2 /n− (i.e. average square distance to the mean

for the lower part of the time series) and σ2+ =
nX

t=1, Xt>μ

(Xt − μ)2 /n+ (i.e.

average square distance to the mean for the upper part of the time series).

6.2 Rewriting Sharpe and Treynor indexes

We propose to rewrite the Sharpe and Treynor classical performance
measures along with the considerations highlighted in the previous subsec-
tion. Namely, we make the distinction between the observed values of the
return time series lying above the mean and the observed values of the return
time series lying below the mean.
First, Sharpe index expresses as follows where r is the benchmark interest

rate (e.g. average risk free rate rf):

Sharpe =
μ− r

σ
=

μ− r

σ
× (w− + w+)

since w− + w+ = 1 by definition. Therefore, we get:

Sharpe = w− ×
μ− r

σ
+ w+ ×

μ− r

σ

Second, Treynor index requires to rewrite the beta in an analogous way
to the previous variance rewriting. Recall that:

β =
Cov (P,M)

V ar (M)
=

σPM
σ2M
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Table 8: Joint scenarios for portfolio and market returns

Scenario Portfolio return Pt Market return Mt Counter
1 Pt ≤ μ Mt ≤ μM n1
2 Pt ≤ μ Mt > μM n2
3 Pt > μ Mt ≤ μM n3
4 Pt > μ Mt > μM n4

The related rewriting requires to list all the possible joint scenarios for both
the portfolio returns under consideration and the related market returns.
The table 8 lists such cases as well as the corresponding counting.

Notice that we have n1 + n2 = n−, n3 + n4 = n+, n1 + n3 = nM− and
n2+n4 = nM+ where nM− and nM+ are the number of cases whenMt ≤ μM
and Mt > μM respectively. Consequently, it is possible to divide the space
of all possible cases into the four previous joint scenarios so that we get:

σPM =
1

n

nX
t=1

(Pt − μ) (Mt − μM)

=
1

n

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

nX
t = 1

Pt ≤ μ, Mt ≤ μM

πt +
nX

t = 1
Pt ≤ μ, Mt > μM

πt

+
nX

t = 1
Pt > μ, Mt ≤ μM

πt +
nX

t = 1
Pt > μ, Mt > μM

πt

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
where πt = (Pt − μ) (Mt − μM). If we state for each j between 1 and 4 that:

σPM,j =
1

nj

nX
t=1, scenario j

πt

then the covariance rewrites

σPM =
1

n

4X
j=1

nj σPM,j =
4X

j=1

nj
n
σPM,j =

4X
j=1

wj σPM,j
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where wj = nj/n is the proportion of observed cases corresponding to joint
scenario j. Consequently, we can rewrite the beta as follows:

β =

4X
j=1

wj σPM,j

wM− σ2M− + wM+ σ2M+

where wM− = nM−/n and wM+ = nM+/n are the proportions of market
returns that lie below and above their related mean respectively, σ2M− =

nX
t=1, Mt≤μM

(Mt − μM)
2 /nM− (i.e. average square distance to the mean for the

lower part of market return time series) and σ2M+ =
nX

t=1, Mt>μM

(Mt − μM)
2 /nM+

(i.e. average square distance to the mean for the upper part of market return
time series). Moreover, considering the possible cases reported in table 8
with regard to the values taken by the market return M relative to its mean
yields:32

β =
(w1 σPM,1 + w3 σPM,3) + (w2 σPM,2 + w4 σPM,4)

σ2M

which reads

β =
1

σ2M

⎡⎢⎢⎢⎢⎣
Ã

w1
n1

nX
t=1, scenario 1

πt +
w3
n3

nX
t=1, scenario 3

πt

!

+

Ã
w2
n2

nX
t=1, scenario 2

πt +
w4
n4

nX
t=1, scenario 4

πt

!
⎤⎥⎥⎥⎥⎦

and more simply, given that wj/nj = 1/n whatever j:

β =
1

σ2M

⎡⎣⎛⎝nM−
n

1

nM−

nX
t=1, Mt≤μM

πt

⎞⎠+
⎛⎝nM+

n

1

nM+

nX
t=1, Mt>μM

πt

⎞⎠⎤⎦
so that beta can be rewritten as follows:

β =
wM− σPM,5 + wM+ σPM,6

wM− σ2M− + wM+ σ2M+

32We rank the possible scenarios as a function of the values taken by the market return
(e.g. below or above its historical average).
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with

σPM,5 =
1

nM−

nX
t=1, Mt≤μM

(Pt − μ) (Mt − μM)

and

σPM,6 =
1

nM+

nX
t=1, Mt>μM

(Pt − μ) (Mt − μM)

so that σPM,5 and σPM,6 are truncated covariances or partial covariances,
depending on the side of the skew (i.e. right or left) we are looking at.
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1 Introduction

While takeovers are one of the most economically significant events in the corporate

landscape market, many features remain perplexing. For instance, Brealey et al. (2000)

include the timing of merger activity and its occurrence in waves in their list of ten major

unsolved questions in finance. Although there is a substantial literature that focuses on

the reasons why mergers take place, the majority of empirical studies investigate takeover

motives at the micro or individual firm level.2 There are few publications on the factors

that explain the fluctuations in aggregate merger activity.3 This study focuses on the

investigation of financial and economic factors generating clusters of aggregate takeover

activity in periods identified as belonging to wave and non-wave states.

Takeover waves are widely recognised in the literature4 but empirical research on takeover

motives has almost exclusively used single-state models without accounting for their ex-

istence. In this paper, we propose a model which incorporates the two distinct states5

(wave and non-wave) of takeover activity identified in Duong et al. (2007). We also test

the liquidity hypothesis, advanced by Shleifer and Vishny (1992), in explaining takeover

activity that states that takeover waves will occur in periods of high liquidity in the debt

market, corresponding with a low interest rate environment.

We start our analysis by examining the number of takeover bids to targets listed on the

Australian Stock Exchange (ASX) over the period 1980-2004. We find that movements in

the stock market do not play a significant role in explaining the concentration of takeover

activity, but interest rate does. The level of interest rate is the only variable significantly

associated with variations in the rate of takeover activity. Our findings are robust to both

2Literature has mostly focused on the effects on stockholder wealth and what types of firms are most
likely to engage in merger activity (e.g. Andrade et al. (2001), Rau and Vermaelen (1998), Schwert
(2000)).

3The exceptions are Nelson (1959), Melicher et al. (1983), Polonchek and Sushka (1987), Golbe and
White (1988) for US market, and Easton (1994), Kendig (1997), Finn and Hodgson (2005) for Australian
market. A summary of these studies will be in the Literature Review section.

4See Duong et al. (2007).
5Duong et al. (2007), in a study of Australian mergers and acquisitions (M&As), show that takeover

activity can be characterised in two distinct states (wave and non-wave (normal)). Further details can
be found in the Methodology section and the Appendix.
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long-term and short-term interest rate measures.6 Interest rate is significantly negative

in both the wave and the non-wave states with a higher coefficient observed in the wave

state. We further show that the level of interest rate is an important and relevant variable

as residuals (from the regression) are not persistent when the interest rate variable is in-

cluded in the model. Our analysis suggests also that our two-state model is significantly

better than the single-state regression in which we ignore the existence of waves.

Our results are robust to changing our measure of takeover activity from the number of

takeover bids to the proportion of bids relative to ASX-listed companies. Our findings

are consistent with the argument advanced by Shleifer and Vishny (1992) that liquidity

can account for the clustering of takeover activity. Historical aggregate takeover activity

appears to move with the state of the debt market: the low level of the interest rate (i.e.

high liquidity in the debt market) leads to a concentration of takeover bids. Our results

are also consistent with recent developments in the Australian takeover market which has

seen an unprecedented increase in M&A activity funded by private equity.7 According to

the Reserve Bank of Australia (RBA), the staggering rate of growth in this investment

sector is driven by “unusual circumstances, including a very low cost of debt”.8 The RBA

also believes that the current drop in liquidity caused by the prospect of higher interest

rates is likely to result in far few takeover deals going ahead.9

Decomposition of the time series of aggregate takeover bids by method of payment also

provides strong support for the liquidity hypothesis in the Australian market. Tests on

the two series of cash-funded and stock-funded bids (normalised by the number of com-

panies listed on the ASX) reveal that the interest rate variable is significantly negative in

the wave state of the time series of cash deals, while no significance is discovered for the

610-year Treasury Bond is proxied for the long-term interest rate, 90-day bank bill is for the short-term
interest rate.

7For examples, foreign private equity firms aimed massive takeover bids at some big Australian com-
panies like Qantas and Coles in 2007.

8A Senate Committee was inquiry into private equity investment in Australia, in the wake of the
failed $11 billion private equity bid for Qantas. Citation is from Mr. Battellino’s (RBA deputy governor)
speech when he gave evidence to the Senate inquiry on 25th July 2007 in Sydney.

9E. Alberici, “Private Equity Value Plummeting, Inquiry Hears”, 25th July 2007, ABC news,
http://www.abc.net.au/news/stories/2007/07/25/1988452.
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series of stock deals.

We extend our analysis to the biggest takeover market in the world, the United States

(US) market. The Australian and US takeover environments have some similarities and

differences10 which make it interesting to see if the liquidity explanation observed in Aus-

tralia also applies in the US.11 One example of the differences is found in the method

of payment of the takeover offers. In an examination of the stock market misvaluation

hypothesis in Australia, da Silva Rosa et al. (2006) document that a large majority of

takeover bids in Australia since 1971 are cash-based bids. This is in contrast to the US

market where 70% of all takeover deals in the 1990s included stocks as part of the con-

sideration offered, with 58% entirely stock-financed (Andrade et al. (2001)).

The US time series is examined for the period of 1982-2004,12 using the two-state regres-

sions for the number of takeover bids and its proportion to the number of listed companies.

The comparison between cash deals and stock deals is not undertaken since there is no

wave recognised for the time series of stock bids.13 With these caveats in mind, we find

that the Australian results hold up remarkably well in the US market: the coefficient for

the interest rate variable is negative and statistically significant in the wave state. The

industrial production variable is statistically significant at 10% level, but only the interest

variable is significant at 5% level (in the case of the number of bids) or 1% level (in the

case of its proportion to the number of listed companies).

10As outlined in da Silva Rosa et al. (2006)’s study, similarities between the two countries include
a shareholders’ interest oriented corporate culture, a common law framework and an active market for
corporate control characterised by temporal surges in M&A activity. They also point out methods for
accounting for an acquisition (purchase or pooling), and M&A provisions of the Corporation Act and the
William Act on their list of key differences in M&A regulatory regimes of the two countries.

11Shleifer and Vishny (1992) argued that asset liquidity helps account for the evidence of the 1980s
takeover wave in the US. However, their theory has not been empirically tested. Our work will extend
the period of examination to 2004 to cover for the recent merger waves.

12Missing variables in the US analysis are returns to the most active industry (in terms of receiving
highest number of takeover bids) and the growth rate of private capital expenditure. However, these two
variables are not proved to be statistically significant in the case of Australian market.

13The time series of stock bids (as a proportion to the number of US listed companies) only shows two
spikes in 1998 and 2001 with the probabilities of 0.32 and 0.2 respectively. According to Duong et al.
(2007), a wave is only recognised when the wave state probability is 0.5 or above.
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The remainder of this paper is structured as follows: section 2 reviews the literature,

and section 3 outlines the methodology of our model. Section 4 describes the data with

empirical findings for the Australian market and the US market in section 5 and section

6. Finally, conclusions are in section 7.

2 Literature Review

A number of earlier studies (for example Nelson (1959), Melicher et al. (1983)) have linked

the level of merger activity to specific variables that reflect economic activity and finan-

cial conditions. While it is generally accepted in the US literature that stock prices are

positively related to takeover activity, there is less consensus on the effects of interest

rates and industrial production on such activity. Nelson (1959) studies the U.S takeover

market over the period 1895 to 1956 and finds that industrial production and stock prices

are positively related to the level of takeover activity, though a negative relationship is

found in some sub-periods. Weston (1961) finds that only stock prices are significantly

related to U.S merger activity, but not industrial production. Steiner (1975) concludes

that the number of M&As is positively associated with changes in stock prices and GNP

level, suggesting that economic conditions are responsible for increases in M&A activity.

His results are similar when the dollar value of acquiring assets is used as the dependent

variable. Both Beckentein (1979) and Benzing (1991) report that stock prices and interest

rates are positively related to merger activity, while the opposite result for interest rates

is observed in Melicher et al. (1983). In the latter study, they examine the relationship

between the acquisition level and changes in the expected level of economic growth and

capital market conditions for the period of 1947-1977. They find that increases in stock

market prices together with decreases in interest rates are followed by increases in takeover

activity.

Adopting a slightly different approach, Polonchek and Sushka (1987) view M&As as capi-

tal budgeting decisions but still use information about economic conditions in their regres-

sion model. Analysing mergers of mining and manufacturing firms with assets over $10
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millions during the period of 1956-1978, they find that factors representing the strength

of the economy such as the unemployment rate and potential business output, are im-

portant in explaining merger activity. Golbe and White (1988) examine the link between

the number of US takeovers over the period 1948-1979 and the economic situations in

the preceding periods. Their results suggest that GNP is positively related to acquisition

activity while real interest rates are negatively linked to takeovers.

The finding of a significantly positive relationship between stock market performance and

takeover activity is also present in some Australian empirical studies. Bishop et al. (1987)

and the Bureau of Industry Economics (1990) document a positive relationship between

share market index and takeover activity. A similar conclusion is reached by Easton (1994)

in his study of the relationship between share market performance and Australian takeover

activity over the period 1946-1986. In addition, Kendig (1997) claims that takeover waves

are caused by general over-reactions during periods of economic prosperity when she ex-

amines the number of takeovers from 1955 to 1995.

Recent theoretical models have also been developed to demonstrate how stock market mis-

valuations can drive M&A activity. Shleifer and Vishny (2003) offer a speculative takeover

model in which the share market is inefficient and routinely overprices stocks. Managers

are assumed to be completely rational, and actively attempt to exploit what they perceive

to be temporary valuation inefficiencies in the market by using their over-valued stocks to

purchase relatively undervalued assets. Target managers accept over-valued bidder stocks

because they have “short-time horizons” and they are willing to cash out their shares to

generate private gains. Based on similar ideas of the relative mis-valuations of the merging

firms and the market’s mis-perception of synergies from the combination, Rhodes-Kropf

and Viswanathan (2004) propose another explanation to account for the positive correla-

tion between stock market performance and merger waves. Their model is different from

Shleifer and Vishny (2003) in that target managers rationally accept over-valued bidders’

equity not due to shorter time horizons but due to an error in valuing potential takeover

synergies. Both models explain that aggregate merger wave is a result of over-valuation
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and dispersion of valuation of firms. Various empirical studies provide evidence consistent

with the behavioural explanation of takeover activity (e.g. Rhodes-Kropf et al. (2005),

Dong et al. (2006), Ang and Cheng (2006)).

However, Finn and Hodgson (2005) challenge this common belief of the stock market

driving the level of takeover activity when investigating takeover announcements for ASX-

listed target firms over the period 1972 to 1996. By using time-series techniques, they

conclude that takeover and stock prices share a common trend, Australian aggregate

merger activity is driven by fundamental economic factors rather than by speculative

share market activity or managerial optimism. They find that economic shock, proxied

by the growth in industrial production over the last four previous quarters, is the main

factor to explain Australian M&A activity.

Building on studies on capital liquidity, we suggest a role of capital liquidity in explaining

the clusters of the aggregate takeover activity. Shleifer and Vishny (1992), in a work on

asset liquidity and debt capacity, posit that in order for the selling transactions to occur,

buyers must be relatively unconstrained because if they are financially constrained, they

cannot pay the fundamental values and sellers would delay the sales until the market

becomes more liquid. As a result, they claim takeover waves will occur in periods with

high corporate cash flows and less financial constraints in the market; enhanced liquidity

makes debt financing more attractive for firms to finance their acquisitions. The under-

lying feature in their argument is that “the ability to borrow increases liquidity, which

in turn raises the ability to borrow” and “not only does liquidity create debt capacity,

but debt capacity creates liquidity”. It is often observed that borrowing capacity is more

accessible in a low interest rate environment. Therefore, in our study we refer to periods

of low interest rates as periods of high capital liquidity and vice versa.

The topic of capital liquidity has been further expanded in the corporate restructuring

literature. For instance, Schlingemann et al. (2002) make a similar argument in their

study of divestitures and asset liquidity, showing that firms are more likely to sell cor-
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porate assets in the most liquid market. Harford (2005) illustrates that sufficient capital

liquidity must be present to accommodate the asset reallocation, and an aggregate merger

wave can be explained by a macro-level expansion in liquidity. In a recent study of un-

listed targets, Officer (2007) finds strong support for the contention of the relationship

between acquisition discounts and aggregate debt market liquidity; acquisition discounts

for unlisted targets are significantly higher when debt capital is difficult or relatively more

expensive to obtain. Officer (2007) states “Selling part, or the whole of an unlisted firm

is a last-resort source of liquidity for owners that need sources of cash when borrowing

additional funds is unappealing”. The results from his paper implicitly imply that firms

should not sell their unlisted assets, as a part (divestiture) or the whole (M&A), when the

aggregate debt market liquidity condition is tighter since the sale price will be discounted

more heavily.

Past papers (reviewed above) only use single-state models to study the relationship be-

tween the aggregate takeovers and economic variables. Our paper will address this issue

by using a two-state method which is documented in the next section. Following the lit-

erature, we incorporate in our analysis variables that present macro-economic indicators,

long-term interest rates and stock market returns. Macro-economic indicators included

in our model are the growth rates of industrial production and of private capital expen-

diture.14 The level of long-term interest rate (10-year Treasury Bond) and short-term

interest (90-day bank bill) are chosen as proxies for the availability of liquidity in the debt

market since the cost of obtaining liquidity via a bond issue or a bank loan should increase

if the level of interest rate rises. In addition to aggregate stock market return,15 we add

one new variable to capture industry return in the Australian market.16 We choose to

include only the most active industry (in terms of incorporating the highest number of

takeover bids) to proxy for the industry return as M&As tend to cluster around particular

industries (Mitchell and Mulherin (1996), Harford (2005)). We classify all targets in our

14We are unable to obtain the growth rate of private capital expenditure variable in the US analysis.
15Calculated as the aggregate stock market return in excess of 90-day bank bill rate.
16For Australia, this variable is calculated as the [most active] industry stock market return in excess

of 90-day bank bill rate. We are unable to obtain the most active industry returns in the US analysis.
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sample according to Standards & Poors Global Industry Classification Standard (GICS)17

and find that the most active industry is Metals & Mining (1,069 bids out of 4,570 total

bids in our sample). Including both the aggregate and industry share market performance

allow us to measure the additional impact for the industry other and above the aggregate

market.

3 Methodology

The objective of this paper is to derive a model to explain which factors drive future merger

movements, we thus restrict our attention to modeling the relationship between takeover

and independent variables in previous quarters. We estimate the following specification

(two-state Markov switching regression model) for each Australia and US market:

yt = αSt
+ An,St

Zt−1 + et (1)

Depending on each test requirement, yt can be the number of total takeover bids, or pro-

portion of total takeover bids (or cash-funded bids, or shares-based bids) to the number

of listed companies. Zt−1 is a vector of n macro-economic and financial market predictors

in previous quarter; and An,St
are estimated parameters of these predictors on each state

(the wave and non-wave state).

St is to describe the non-wave (normal) state (St = 0) or the wave state (St=1) of takeover

time-series. For the Australian data, St are identified in Duong et al. (2007)’s work of

modeling takeover waves by combining a State-Space model with a Gaussian Markov

switching regime model. A definition of waves is defined by switches in the two unobserved

states (wave state and non-wave (normal) state) which are characterised by two distinct

17As detailed in the Data section, our sample of Australian takeover bids cover for the period of 1980-
2004. For the Australian market, the industry classification system was previously based on the ASX
scheme which was replaced by Standard & Poors GICS in September 2002. Therefore, we need to reclassify
all target companies according to the new GICS standards. For companies had the deals announced in
the 1990s and later, we obtained their financial reports via Aspect Financial database and classified them
by mapping their business operation to the GICS guide (obtained from the ASX website). For companies
whose deals announced in the 1980s, we referred to the business operation section in Jobson’s Year Book
of Public Companies which are available in hard copies in the Department of Accounting and Finance,
University of Western Australia.
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autoregressive moving-average processes of orders 1 and 1 (ARMA(1,1)) governed by a

constant transition probability law. As evidenced in Duong et al. (2007), the State-Space

model with a Gaussian Markov switching regime ARMA(1,1) seems to capture the most

interesting M&A wave characterisics of the Australian market.18 However, its use in

the US context may not provide intuitive explanation of the market movements as our

preliminary investigation leads to a conjecture that the U.S. takeover time series do not

favor a complicated model, and are more likely to lead to an over-fitting and unstable

problem. As such, when using the Gaussian Markov switching AR(1) model, which is

simpler than the ARMA(1,1), the prediction of waves appears more intuitive and the

result is more stable. We are then motivated to use this simpler model for the US data.

Therefore, for the US data, St are detected by using the Gaussian Markov switching

model AR(1). Further details about the general methodology of detecting takeover waves

by Duong et al. (2007) are provided in Appendix 1.

• We denote P1 and P0 are the probability of being in the wave sate and the non-wave

(normal) state respectively when modeling the takeover time series.

• P0 = 1 - P1.

• Merger wave periods are identified when P1 ≥ 0.5.

Given information on the probability of being in a wave state (P1) and a Gaussian assump-

tion, the above equation (1) is reduced to the Least Squares estimates of the following

model:

yt = (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−1 + et (2)

Each parameter is estimated for the wave state and the non-wave (normal) state sepa-

rately. Standard errors and t-statistics are calculated for each parameter estimate. In our

analysis below, variables which are statistically significant at the level of 10% or better

18Duong et al. (2007) actually compared 3 models to see which one give the best fit: Hamilton (1989)
Markov switching model AR(1), Kendig (1997) Poisson Markov switching model AR(1), and their pro-
posed State-Space model with a Gaussian Markov switching regime ARMA(1,1). The first model is a
special case of a more general ARMA framework.
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are presented in bold form.

As the wave state is the period of takeover concentration, we expect that the effects of

the macro-economic and financial market variables (if have) in the wave state would be

stronger. That is, the coefficient estimates of each parameter would be different across

the sates, with higher magnitude for the wave state than for the non-wave (normal) state.

4 Data

Takeover data for the Australian market are collected over the period from 1980 to 2004,19

giving a total of 100 quarterly observations. We incorporate all takeover announcements

for Australian listed targets from several different sources but with same inclusion criteria.

In order to minimise the number of missing observations from any one source, the sample

of takeover offers come from three separate, often overlapping sources.

• Bishop et al. (1987)’s study: cover takeover information between January 1980

and June 1985.20 Their database include all bids to listed target companies reported

by the ASX.

• Australian Financial Review (AFR) newspaper: Data21 were manually col-

lected by reviewing AFR newspaper to find takeover offer announcements22 for listed

target companies in the ASX from early June 1985 to June 1995.

• Thompson Financial’s Securities Data Company (SDC) Platinum database:

SDC is a commercial database that includes information on takeover offers for all

19In Duong et al. (2007)’s work on takeover waves (which incorporates takeover time-series from 1972 to
2004), merger waves were only detected in the 1980s, 1990s and 2000s. As data for some macro-economic
variables are only available for periods in the late 1970s, this paper only examines the influences of
macro-economic and financial market variables on takeover waves during the period 1980-2004.

20The Centre of Independent Studies granted access to their data file, and Dr. Simmons (Australian
Graduate School of Management (AGSM)) kindly provided electronic copy of the database. Their assis-
tance is gratefully acknowledged.

21Data were collected for an Australian Research Council (ARC) project of Professor da Silva Rosa
(The University of Western Australia).

22Announcement date is always taken from the ASX files.
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Australian targets. The selection criteria were that each takeover offer had to have

been announced between 1st January 1988 and 31st December 2004 and have an

ASX-listed company as a target.

Data from each source are combined to form the time series. Any bid appearing in only

one data source is added to the final sample. Any bid appearing in multiple sources

is compared to ensure agreement on appropriate offer details. The reference date for

takeover activity is always taken as the announcement date of the bid. In total 4,570

takeover bids (denoted by TAK) are announced for ASX-listed targets during the period

1980-2004, of which 3,199 bids (account for 70% of total bids) are purely cash-funded (de-

noted as TAKc), and 461 bids (account for approximately 10% of total bids) are purely

shares-based (denoted as TAKsh).

The number of companies listed on ASX is obtained from combining two sources: Finn and

Hodgson (2005) (for the period 1980-1996) and Share Price and Price Relative database

(SPPR) (for the period 1997-2004).23 The number of total bids, cash-funded bids and

shares-fund bids are also normalised by the number of ASX listed companies (denoted as

%TAK, %TAKc, and %TAKsh respectively).

Macro-economic variables are obtained from the Australian Bureau of Statistics (ABS).

Data on private new capital expenditure variable (non-dwelling construction and equip-

ment) are taken from ABS Catalogue 5206.0, Table 5. Total industrial production come

from ABS Catalogue 5206.0, Table 37. We calculate quarterly growth rates on total in-

dustrial production and private new capital expenditure, which are denoted by TIP and

CAE respectively.

The annual yields on 10-year Australian treasury bonds and 90-day Australian bank bills,

proxy for long-term and short-term interest rates respectively (denoted by INT), are ob-

23There is a discrepancy between Finn and Hodgson (2005)’s data (which came from various ASX
fact files) and SPPR source over the period 1987-1991, SPPR reports much higher number. After some
discussions and checking with ASX source, we decide to use Finn and Hodgson (2005)’s data for earlier
period.
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tained directly from the Reserve Bank of Australia (RBA) website (Table F1 and F2),

and being converted to effective quarterly rates.24

The return on ASX All Ordinaries Accumulation Index25 in excess of the 90-day bank bill

rate is a proxy for the aggregate market return (denoted by AOI). The abnormal excess

return on the GICS Metals & Mining industry (denoted by INDM) is derived as the

residuals from the regression of this industry excess return26 on the excess return of All

Ordinaries Accumulation Index. This ensures that the Metals & Mining excess return is

orthogonal to the All Ordinaries Accumulation excess return and measures the additional

impact for the industry other and above the aggregate market.

For the US market, we use M&A data from 1982 to 2004.27 Data which are similar to

Australia are obtained from several sources. The number of takeover bids to listed targets

on the US stock exchanges28 is sourced from SDC database. The number of companies

listed on the US Stock Exchanges comes from the Center for Research in Security Prices

(CRSP)29. Data on industrial production and 3-month US Treasury Bill rate are from

Datastream; data on 10-year US Treasury Bond come directly from the Federal Reserve

Board website. The return on S&P 500 Accumulation Index in excess of 3-month US

Treasury bill rate is a proxy for the aggregate stock market performance. We do not

include the returns of the most active industry and private capital expenditure variables

as we did for Australia as equivalent variables are not available. However, those two

variables are not significant for the test using Australian data, so we omit them in our

US sample.

24The formula for changing from an annual percentage rate to a quarterly one is:

Quarterly Rate = (1 + Annual Rate)1/4 − 1
25Historical data on the index is supplied by Standard & Poors.
26The excess industry return is measured by the GICS Metals & Mining industry return (data is

obtained in Share Price and Price Relative (SPPR) database) in excess of the 90-day bank bill rate
27We can only obtain data for US takeover bids since 1981. AR(1) Gaussian Markov Switching model

requires 1 period for initalisation. Therefore, our period of examining is limited to 1982-2004.
28Namely, Nasdaq, New York and American stock exchange.
29provided by Wharton Research Data Services (WRDS).
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A summary of data collection and data sources are listed in Table 1. Table 2 provides

basic summary statistics for the variables used in subsequent analysis. In both tables,

data for the Australian market are presented in Panel A and data for the US market

are presented in Panel B. As evidenced in Table 2, over our sample period, Australian

takeover market is much smaller than the U.S counterpart with the average number of

takeover bids for each quarter is approximately five times lower (45.70 bids versus 213.98

bids). Similar figures are observed for cash bids (three times lower) and stock bids (six

times lower). However, when these numbers are normalised by the number of exchange-

listed companies, Australia account for bigger proportion with 3.74% for total bids, 2.65%

for cash bids, and 0.37% for stock bids. The equivalent figures for the U.S market are

2.84%, 1.35% and 0.33% respectively.

On average, the quarterly excess return on ASX All Ordinaries Accumulation Index is

lower than that of US S&P 500 Accumulation Index (1.28% per quarater versus 2.27%).

In Australia, the excess return on Metal & Mining industry (orthogonal index) has a

negative mean of -0.35% per quarter.30 Australian long-term interest rate is, on average,

higher than the US (2.38% per quarter versus 1.79%). Industrial production grows at the

faster rate in the U.S than in Australia (0.73% per quarter versus 0.53%). The growth

rate of private capital expenditure in Australia is around 0.69% per quarter over our 25-

year sample.

While Table 2 shows all of the variables have substantial variation in each of the time

periods (the standard deviations are large), it also indicates that some of the variables,

especially for long-term interest rate (INT), are highly persistent (in the presence of high

autocorrelation coefficients). Because the high autocorrelation coefficients suggest unit

roots may be present in the data, and non-stationary variables can introduce econometric

complexities, we conduct the augmented Dickey-Fuller (ADF) test for unit roots. The

30By definition, this series should have expected mean of zero (since they are regression residuals). We
have run the regression (to obatain the orthogonal index) over the period from 1979 to 2004 so that we
can have lagged values for our examination period of 1980-2004. The full series from 1979 to 2004 has
average excess return of zero. This negative mean reports here is from the truncated series from 1980 to
2004.

13

600



test is run for all orders of time polynomial.31 We omit the tables of results for the sake of

brevity,32 but the upshot from the test is that all data series, except for long-term interest

rate (INT) generate test statistics that clearly reject the null at a 99% confidence level.

In the other words, all data series are stationary, except for long-term interest rate which

is non-stationary and integrated of order one (I(1)).

Unit roots present difficulties because in many econometric settings, including the classical

regression framework, the standard asymptotic results may not be valid when the data are

non-stationary. In the extreme, regressions involving non-stationary variables can yield

spurious results, as Granger and Newbold (1974) demonstrated. Following Granger and

Newbold (1974), we interpret a spurious regression as one in which the usual significance

tests on the coefficients are not valid. The problem may come from either the numerator

or the denominator of the t-ratio: the coefficient or the standard error. Ferson et al. (2003)

found the problem is with the biased standard errors.33 They further demonstrated that

if the regression residuals have no persistence, even if a highly autocorrelated regressor is

used, the spurious regression phenomenon is not a concern since the standard errors are

well-behaved. We will prove that the residuals from our two-state model show no level

of persistence in the later part of diagnostic check for the model specification (Section 5.1).

5 Evidence from Australian Market

5.1 Number of takeover bids - quarterly series

We start our analysis by examining the influence of variables in the past quarter (Zt−1)

to the number of takeover bids. Figure 1 shows the probability of being in a wave state

(P1) when modeling annual time series of the number of Australian takeover bids. We

have used quarterly series in our regression, therefore, it is assumed that the probability

31We examine all possible combinations: no deterministic part, for constant term, for constant plus
time-trend, and for higher order polynomial.

32The full results of the test are available from the authors on request.
33While Granger and Newbold (1974) did not study the slopes and standard errors to separate the

effects, Ferson et al. (2003) replicated their study, and designed the simulations to examine the source of
errors. They confirmed that the slopes are well-behaved, but the standard errors are biased.
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of four quarters in a given year remains the same.34 The results of various two-state

regressions that establish the predictive ability of takeover activity are presented in Table

3. In Column (1) to Column (4), we run a two-state regression of takeover activity on

the lagged value of each individual variable, namely share market performance (AOI and

INDM), long-term interest rate (INT), growth rate of industrial production (TIP) and of

private capital expenditure (CAE). The Metal & Mining (M&M) industry share market

performance and private capital expenditure variables are only statistically significant in

the wave state while interest rate and industrial production variables are significant in

both the wave and non-wave states.

To explore which variable remains statistically significant in multivariate models, we aug-

ment the specification in Column (1) by adding macro-economic predictors such as TIP

and CAE (Column (5)), and long-term interest rate INT (Column (6)). Interestingly, the

M&M industry share market performance variable is no longer significant when the long-

term interest is included. Interest rate is the only variable which is negatively significant

in both the wave and non-wave states, and with a larger magnitude in the wave state. Our

findings are robust even after we control for all macro-economic variables (Column (8))35

and replace the share market performance variables by the macro-variables (Column (7)).

Similar results are still held if we replicate Table 3 by replacing the long-term interest rate

(i.e. 10-year Treasury bond) by short-term interest rate (proxy by 90-day bank bill rate).36

Further analysis confirms the significance of the interest rate variable when explaining

variations in the level of takeover activity. If the interest rate is an important variable in

our regression model, we would expect no regression residuals left or higher adjusted R2

when it is included in the model. The residuals from regressions in Table 3 Column (2),

(6), (7) and (8) (which include interest rate variable) are purely a white-noise process,37

34Duong et al. (2007) has modeled both annual and quarterly time series of number of Australian bids.
Waves were not recognised under the quarterly time series data.

35Finn and Hodgson (2005) also find that share market is independent to the takeover market. They
prove the negative relationship between the past level of interest rate to the current takeover activity,
but this relationship is not statistically significant at the conventional level.

36Results will be available from authors upon request.
37Ljung-Box test and ARCH test are carried to check for serial correlation and conditional homoscedas-
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while the residuals in Column (1), (3), (4) and (5) (which do not include interest rate

variable) are serially correlated and conditionally heteroscedastic. Furthermore, when the

interest rate variable is incorporated in the regression model, the adjusted R2 is nearly

70% whereas this figure reduces to below 60% when it is left out.

In summary, we have found that takeover activity is higher following a low interest rate

environment in the previous quarter. An interesting empirical question is whether interest

rate lead the takeover market by more than one quarter. We conducted similar analyses

by using different lags for the independent variables: two quarter previous, three quarter

previous, and four quarter previous. For brevity, we do not present the results38 but a

crucial upshot from the tests is that the level of interest rate is statistically significant for

all regressions up to 4 lags. The significance is observed in both the wave state and the

non-wave sate with bigger magnitude in the wave state.

The negative sign on the interest rate coefficient can be explained intuitively. Interest rate

reflects inflationary expectations.39 Higher inflation rate associated with higher interest

rate is a negative signal to businesses. Higher inflation is generally associated with an

increase in business uncertainty, a loss of confidence and a decrease in profit margins,

all of which would dampen expectations and merger activity. In addition, it is widely

accepted in the literature that asset liquidity plays an important role in the corporate

restructuring process as it allows assets to be priced close to their fundamental values.

For example, Shleifer and Vishny (1992) claim that a high volume of takeover transactions

will occur in a liquid market with high cash flows and less financial constraints. They

also believe that “the ability to borrow increases liquidity” which implies a relationship

ticity.
38The results for various combinations of variables at each lag (from two to four) like Table 3 are

available from the authors upon request.
39The argument of positive relationship between inflation and interest rate has been generally sup-

ported by economists. For example, Rory Robertson, an economist at Macquarie Bank has re-
cently mentioned that “There’s a pattern here. Over the past 18 months the Reserve Bank has
had four disturbing inflationary reports and two comforting inflationary reports. Each of the dis-
turbing inflationary reports was followed by a rate hike, so the pattern has been if there was a
disturbing inflationary report at the end of October then you would be right to expect a move in
November.” Cited in “RBA hints at further rates rise” by S. Long, ABC News, 13th August 2007,
http://www.abc.net.au/news/stories/2007/08/13/2004030.htm?section=business.
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between the interest rates and capital liquidity since borrowing capacity is more available

in the low interest environment. Their argument has been used by Harford (2005) to

show that a macro-level expansion in liquidity can explain the cluster of merger waves

in the aggregate.40 We assert that the level of interest rate can be used as a proxy for

the availability of liquidity in the debt market since the cost of obtaining liquidity via a

bond issue or a bank loan should increase if the level of interest rate increases. A low

interest rate environment provides low cost of debt and reduces financial constraints in

the market, and subsequently increases the volume of takeover transactions.

For comparative purposes, we also perform a regression analysis without taking into ac-

count takeover wave probabilities. Table 4 shows the results of single-state regressions.

Compared with Table 3, it is clear that estimates of the single-state model tend to lie be-

tween the corresponding estimates for the two-state model. Since the coefficient estimates

of our Markov switching model are very different across two states, assuming a constant

coefficient model (single-state model) is insufficient. In addition, on average 69% of vari-

ation in takeover activity can be explained by the multiple two-state regression equation,

while it is only approximately 21% in the case of the single-state regression equation.

The higher adjusted R2 suggests that our two-state regression model explains better the

variations of takeover activity.

An examination of the regression residuals of both the single-state and two-state models

also draw a further important inference. Ljung-Box test and ARCH test are performed

to check for serial correlation and conditional heteroscedasticity in the residuals. It re-

veals that there is no extra structure left in the residuals in the case of the two-state

model, while the single-state model’s residuals show some persistence. Therefore, it can

be concluded that our two-state regression model fits the data better than the single-state

regression model.

40Please refer to the literature review section for a comprehensive argument.
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5.2 Proportion of takeover bids to number of listed companies
- quarterly series

The number of companies listed on the ASX has changed over time. In order to ac-

count for the growth of companies, we change the dependent variable from the number of

takeover bids to the proportion relative to the number of companies listed on the ASX.

The wave state probabilities of this time series is presented in Figure 2, and predictive

regressions are shown in Table 5. The results are quite similar: the interest rate coefficient

is negative in both the wave and non-wave states, and statistically significant in the wave

state. In addition, industrial production and private capital expenditure variables are also

significant (at 5% level) in the non-wave state. However, when we increase the confidence

level to 99% (i.e. being equivalent to significance level of 1%), interest rate becomes the

only significant variable remained. This further confirms the significance of interest rate

amongst other variables in explaining takeover activity.

5.3 Proportion of cash/shares-based bids to number of listed
companies - quarterly series

Although the tests in the previous sections provide a useful first cut at the question of

what drives merger activity, the takeover data employed are so highly aggregated, and

do not identify the method of payment in a merger. Faccio and Masulis (2005) argue

that cash offers generally require debt financing since most bidders have limited cash and

liquid assets. In making an M&A decision, a bidder is consequently faced with a choice

between using debt or equity financing. In general, Faccio and Masulis (2005) contend

that debt would dominate stock as the funding source for a cash payment given the lower

debt flotation costs. Given this view, if the liquidity theory can explain merger activity,

firms should have easier access to the credit market to finance acquisitions at times when

liquidity is high (i.e. interest rate is low). Accordingly, we would expect to see in the time

series a higher negative correlation between cash-funded mergers and the level of interest

rate.
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For our sample period from 1980-2004, there were 3,199 cash-based takeover bids account-

ing for 70% of all bids, while there were only 461 stock-based bids equivalent to 10% of

all bids. We first normalise each time series by the number of companies listed on the

ASX, and then apply ARMA(1,1) State-space Markov Switching approach. Figure 3 and

?? represent the wave state probabilities for the annual data of cash-funded bids and

stock-funded bids respectively.

The results for cash deal regressions, reported in Table 6, indicate clearly that a low

level of interest rate significantly leads to a higher proportion of cash bids in the wave

state. In contrast to the case of total bids, the interest rate coefficient for the cash bids in

the non-wave state is positive but very small in magnitude (only 0.04), and statistically

insignificant. At the 5% significance level, both industrial production (in the non-wave

state) and interest rate (in the wave state) are significant with higher t-statistic for inter-

est rate variable.

Compared with cash deals, the results for stock-funded bids presented in Table 7 are

consistent with the liquidity theory’s expectation. Interest rate has no impact in the non-

wave state, and reports a significant negative relationship (in much smaller magnitude)

in the wave state. The interest rate coefficient for stock deals (Table 7) is nearly three

times smaller than that of cash deals (Table 6). In terms of the statistical significance

level, the interest rate coefficient for cash bids is significant at 5% level while it is 10%

level for stock bids. The influence of share market performance to the proportion of stock

deals is nearly zero.

The method of payment decomposition, as illustrated in Table 6 and 7, cast takeover

activity behaviour in a light that strongly supports the liquidity argument. It indicates

the co-movement between takeover bids and the level of interest rate is largely due to the

behaviour of the cash deal component of takeover activity. This result is driven by the

fact that cash bids in Australia account for approximately 70% of the total bids whereas

this proportion is only 10% in case of stock bids.
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6 Evidence from the US market

In this section, we extend the empirical analysis documented in section 5 (for the Aus-

tralian market) to the largest takeover market in the world, the US market. We are unable

to control for two predictors (i.e. the most active industry return and the growth rate of

private capital expenditure variables) used in the Australian market sample due to lack

of data. As explained in the data collection section (Section 4), our analysis for the US

market is limited to the period from 1982 to 2004 only. Therefore, our predictive regres-

sions in Table 8 and 9 control for only 3 variables: the aggregate share market return, the

level of interest rate, and the growth rate of industrial production. A summary of the US

data is presented in Table 2 Panel B.

The Gaussian Markov switching model AR(1) is apply to each of the annual time series

(i.e. the number of US bids and its proportion to the number of listed companies). Figures

5 and 6 show the wave state probabilities for the two series respectively. Similar to the

Australian analysis, we have used quarterly series in our regressions. It is, thus, assumed

that the probability of four quarters in a given year remain the same. The predictive

two-state regressions for each of the above-mentioned time series are presented in Table

8 and Table 9 respectively.

The regression results for the number of takeover bids, reported in Table 8, show clearly

that interest rate coefficients are negative in both states, but the statistical significance

is only observed in the wave state. Industrial production (in the non-wave state) and

interest rate (in the wave state) are both significant at 5% level, with higher t-statistic

for interest rate variable.

The results for the proportion of takeover bids in Table 9 are similar. The impact of

interest rate in the non-wave state is nearly nil, but reports a significantly negative (at

10% level) relationship in the wave state. The industrial production variable again shows
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its significance in the non-wave state but this disappears when the confidence level of the

test is increased to 99% (i.e. equivalent to significance level of 1%). At this confidence

level, only the interest rate variable retains its statistical significance.

We are not able to perform a comparison between cash deals and stock deals for the

US as no obvious wave is recognised when modeling the time series of the proportion of

stock bids.41 If we conduct the two-state regressions on the proportion of cash bids, no

significant variables are found, but the interest rate coefficient is negative in the wave

state. When the US aggregate takeover bids are decomposed by method of payment,

the liquidity argument is somewhat weakened. Differences in findings for the US and

Australia markets could be due to differences in the method of payment in M&As. Stock

and cash deals are evenly opened in the US takeovers whereas cash deals are dominant in

Australia. In our sample, cash-only deals account for roughly 70% of all bids in Australia,

whilst this proportion is almost halved (only 47%) in the US.

Results presented in Table 8 and Table 9 have clearly demonstrated that a low level of

interest rate significantly lead to a larger proportion of takeover bids in the wave state.

We, therefore, conclude that the basic finding that the level of interest rate can predict

the concentration of takeover market extend beyond the Australian market to the US

takeover market as well.

7 Conclusions

This paper investigates the extent to which macro-economic and financial factors influ-

ence the concentration of takeover activity in Australia and the US. Our innovation is to

incorporate the probability of takeover waves into the regression analysis. In Australia, we

collect the number of takeover bids for ASX-listed targets over the period of 25 years from

1980 to 2004. By examining both the number of bids and its proportion to the number

41We have defined a wave is recognised when the wave state probability is 0.5 or higher. For the time
series of the proportion of stock bids, there are only two spikes in 1998 and 2001 with probability of 0.32
and 0.2 respectively.
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of ASX-listed companies, we have found that share market performance does not explain

the concentration of the takeover market. Instead, interest rates significantly predict

subsequent changes in aggregate takeover activity. Our findings indicate that liquidity

advanced by Shleifer and Vishny (1992) can reason for the clustering of takeover activity.

Historical aggregate takeover activity is intimately tied to the level of the debt market:

the low level of the interest rate (i.e. high liquidity in the debt market) ultimately lead

to the concentration of takeover bids.

We also extend our analysis to the biggest takeover market in the world, the US market.

However, we use data for only 23 years (from 1982 to 2004), and we are unable to obtain

the same set of controls (e.g. returns to the most active industry (in terms of receiving

highest number of takeover bids), and the growth rate of private capital expenditure).

With these caveats in mind, we have found that the US takeover market show remarkably

similar patterns.
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Appendix 1: Methodology of Detecting Takeover

Waves: A State-Space and Markov Switching

Approach

The two-state Markov switching-regime model for ARMA(1,1) process can be represented

by the following equation:

yt − µSt
= φ(yt−1 − µSt−1

) + et + γet−1 (3)

where

• yt is time series of the aggregate number of takeover bids.

• et - the error term - is normal, independently and identical distributed with E(et)

= 0

• φ and γ are the AR lag coefficient and the MA lag coefficient respectively.

• St is to describe the Markov state at time t and can take a value of 0 (non-wave

(normal) state) or 1 (wave state)


























If St = 1 : µSt
= µ1, et ∼ N (0, σ2

1)

If St = 0 : µSt
= µ0, et ∼ N (0, σ2

0)

where µ1 > µ0, σ1 > σ0

• µSt
refers to mean of the state

Each state is governed by a first-order Markov process with constant transition probabil-

ities, so that the probability of being in any given state is dependent on the state in the

previous time period. This, hence, introduces two other parameters, p00 and p11, which

respectively represent the probability of remaining in a normal state and in a wave state

in the next period.

Prob[St = 1|St−1 = 1] = p11

Prob[St = 0|St−1 = 1] = 1 − p11

Prob[St = 0|St−1 = 0] = p00

Prob[St = 1|St−1 = 0] = 1 − p00
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These transition probabilities can be put in the following matrix notation:

P =







p00 1 − p00

1 − p11 p11





 (4)

The equation (3) could be expressed in the following State-Space form:











yt = Hβt + µSt

βt = Fβt−1 + vt

(5)

where the subscript St denotes Markov state-dependent quantities as follows

H = [1 γ]

F =







φ 0

1 0







vt =







et

0







et ∼ N (0, σ2
St

)

This model can be reduced to the Gaussian Markov Switching model AR(1) (like Hamil-

ton (1989)’s model) by setting γ = 0. Hence, it is clearly more general. Estimation

of the model involves computing the maximum likelihood estimates of its coefficients

along with the transition probabilities. The algorithm consists of several steps. First,

the Kalman filter update is used to obtain the conditional parameters of the State-Space

model corresponding to each possible path of state transitions. Then the Hamilton filter

is used to update the state values. The final estimates at each time step are obtained via

an approximation method to reduce the prohibitive computational cost. In what follows

we give a highlight of the algorithms. Our notations mostly follow Kim and Nelson (1999).

Initialisation

The initialisation step specifies the following quantities
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• Likelihood

l(θ) = 0

• Estimates of the state vector and covariance matrix at t = 0

β
j

0|0 = (I − Fj)
−1 0 = 0, j = 0, 1

vec

[

Pj

0|0

]

= (I − Fj ⊗ Fj)
−1

vec [Qj] ,

where vec [.] is the operator that converts a matrix into a column vector, ⊗ is the

Kronecker product, and Qj is the covariance matrix of vt corresponding to the

Markov state St = j, j = 0, 1

Qj =







σ2
j 0

0 0






, j = 0, 1.

• Estimates of the Markov state probabilities

Pr[St = 0] = π0 =
1 − p11

2 − p00 − p11

Pr[St = 1] = π1 =
1 − p00

2 − p00 − p11

.

Kalman filter

At time t we need to consider all possible transitions of Markov state St−1 = i to St = j

where i, j = 0, 1. There are four possible transitions (0, 0), (0, 1), (1, 0), (1, 1). The Kalman

filter update calculates the prediction and estimation of state vector and covariance matrix

over every possible transition.

• Prediction of the state vector and covariance matrix over the transition (i, j)

β
(i,j)
t|t−1 = Fjβ

i
t−1|t−1

P
(i,j)
t|t−1 = FjP

i
t|t−1 + Qj.

Note that βi
t−1|t−1 and Pi

t|t−1 are the (final) estimates of the state vector and covari-

ance matrix corresponding to the state St−1 = i only which are available after the
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previous step.

The prediction error and its variance are given by

z
(i,j)
t|t−1 = yt − Hjβ

(i,j)
t|t−1

R
(i,j)
t|t−1 = HjP

(i,j)
t|t−1H

T
j .

• Estimation of the state vector and covariance matrix over the transition (i, j)

β
(i,j)
t|t = β

(i,j)
t|t−1 + P

(i,j)
t|t−1H

T
j

(

R
(i,j)
t|t−1

)−1
z

(i,j)
t|t−1

P
(i,j)
t|t =

(

I − P
(i,j)
t|t−1H

T
j

(

R
(i,j)
t|t−1

)−1
Hj

)

P
(i,j)
t|t−1

Hamilton filter

Upon the availability of state vector and covariance estimates, the Hamilton filter is used

to obtain the estimates of Markov state probabilities Pr[St = j | Ψt], j = 0, 1 where

Ψt = [y0, . . . , yt] denotes the information available up to time t.

First, we compute over each possible transition St−1 = i, St = j:

Pr(St, St−1|Ψt−1) = Pr(St|St−1) Pr(St−1|Ψt−1).

Note that Pr(St|St−1) = pij is from the Markov transition matrix while Pr(St−1|Ψt−1) is

available from the previous step. The fitness of the observation yt to the model obtained

up to time t − 1 is given by

f(yt|Ψt−1) =
∑

St

∑

St−1

f(yt|St, St−1, Ψt−1) Pr(St, St−1|Ψt−1),

where f(yt|St, St−1, Ψt−1) is completely specified given the Markov model (3):

f(yt|St, St−1, Ψt−1) =
1

√

2π |R(i,j)
t|t−1|

exp











−
1

2

(

z
i,j

t|t−1

)2

R
(i,j)
t|t−1











.

Next, the probability of the transition given the new observation is

Pr[St, St−1|Ψt] =
f(yt|St, St−1, Ψt−1) Pr(St, St−1|Ψt−1)

f(yt|Ψt−1)
,
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from which one can derive

Pr[St|Ψt] =
∑

St−1

Pr[St, St−1|Ψt].

It is also noted that the log-likelihood function is updated via

l(θ) → l(θ) + ln(f(yt|Ψt−1)).

Approximation

In the Kalman filter part, we have only obtained the estimation of the state vector and

covariance matrix of every possible transition path. To make the algorithm work recur-

sively, we need to obtain the estimate of the state vector and covariance matrix for the

state St only. Exact inference method would require prohibitive computational cost when

the number of observations become large. To overcome this problem, Kim and Nelson

(1999) suggest the following approximation

β
j

t|t =

∑1
i=0 Pr[St−1 = i, St = j|Ψt]β

(i,j)
t|t

Pr[St = j|Ψt]

Pj

t|t =

∑1
i=0 Pr[St−1 = i, St = j|Ψt]

(

P
(i,j)
t|t + (βj

t|t − β
(i,j)
t|t )(βj

t|t − β
(i,j)
t|t )T

)

Pr[St = j|Ψt]]
.

Related Issues

The above three steps complete the algorithm. For every observation yt, one needs to run

the Kalman filter, the Hamilton filter, and the approximation procedure. This recursive

update is repeated until the last observation yN . In theory, one can run another backward

procedure, which is called smoothing which is hoped to further improve the estimates at

each time index taking into account the whole information ΨT rather than only the infor-

mation Ψt available up to time t. However, we notice that for the State-Space model, this

would require a number of approximations for which the accuracy appears rather poor

and no gain seems to be attained. Hence, we do not consider smoothing.

Now, for each set of parameters θ = [p00, p11, µ0, σ0, µ1, σ1, φ, γ] we can obtain the log-

likelihood over the observed data ΨT . The maximum likelihood estimate of θ is therefore
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the value of θ̂ that solve the following problem

θ̂ = arg max
θ

l(θ).

Note that the above problem is not an unconstrained optimisation problem as the param-

eters of θ must satisfy

0 < p00, p11 < 1 (6)

0 < µ0 < µ1 (7)

0 < σ0 < σ1. (8)

To solve this problem, we first obtain an initial estimate from a coarse grid search. Then

we use the function fmincon in Matlab to find the final estimate that satisfies the above

constraints.
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Table 1: Source of data

Variables Measures Source Symbol

Panel A: Australian Data

Number of takeover bids
A total number of takeover bids an-
nounced to target companies listed on
the ASX

Combination from 3 sources:

• Centre of Independent Studies:
Bishop et al. (1987)’s study

• Australian Financial Review
newspaper

• Thompson Financial’s Secu-
rities Data Company (SDC)
Platinum database

TAK

Aggregate stock market
performance

The return on ASX All Ordinaries
Accumulation Index in excess of the
90-day bank bill rate

From 2 sources

• Standard & Poors

• The Reserve Bank of Australia
(RBA)

AOI

Metals & Mining indus-
try stock performance

The excess return on GICS Metals
& Mining industry, measured as the
residuals from the regression of this
industry excess return (the GICS
Metals & Mining industry return in
excess of 90-day bank bill rate) on
the excess return of All Ordinaries
Accumulation Index

From 2 sources:

• Standard & Poors

• Share Price & Price Relative
(SPPR) database

INDM

Long-term interest rate The yield on 10-year Treasury Bond

RBA table “Interest Rates and Yields:
Money Market and Commonwealth
Government Securities”

INT

Macroeconomic variable Growth rate of industrial production
ABS Catalogue 5206.0, Table 37
Indexes of Industrial Production. TIP

Macroeconomic variable

Growth rate of private new capital ex-
penditure (non-dwelling construction
plus machinery and equipment)

ABS Catalogue 5206.0, Table 5 Ex-
penditure on Gross Domestic Product
(GDP), Australia: Implicit price
deflator

CAE

Panel B: US Data

Number of takeover bids

A total number of takeover bids
announced to target companies listed
on the US stock exchanges (namely,
Nasdaq, New York and American
stock exchange)

Thompson Financial’s Securities Data
Company (SDC) Platinum database TAK

Aggregate stock market
performance

The return on S&P 500 Accumulation
Index in excess of 3-month US Trea-
sury bill rate

From 2 sources:

• Standard & Poors

• Datastream

S&P500

Long-term interest rate
The yield on 10-year Government
Bond (Treasury Constant Maturities
Nominal 10 years (TCM))

The Federal Reserve Board website
INT

Macroeconomic variable Growth rate of industrial production
Datastream.

TIP
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Table 2: Summary statistics.

The table presents summary statistics of the variables used in the econometric analysis. Panel A
contains data about Australian market. All variables are expressed in quarterly series 1980-2004. TAK
is total number of takeover bids of ASX-listed target companies; TAKc and TAKsh are the number
of cash-based bids and share-based bids. Those three numbers are normalised by the number of listed
companies on ASX, denoted by %TAK, %TAKc and TAKsh. AOI is the excess return on ASX All
Ordinaries Accumulation Index, proxy for the aggregate stock market return. INDM is the excess return
on Metals & Mining industry, measured as the residuals from the regression of the excess industry return
(GICS Metals & Mining Industry) on the excess market return (ASX All Ordinaries Accumulation
Index). INT is the yield on 10-year Treasury Bonds, a proxy for long-term interest rate. TIP and CAE
represent the growth rate of total industrial production and private new capital expenditure. Panel B
contains similar data of US market; S&P500 is returns on S&P500 Accumulation Index in excess of
3-month US Treasury Bill rate; quarterly sample period from 1982-2004. All data (except TAK, TAKc

and TAKsh) are in quarterly percentage points.

Standard Autocorrelation
Variables Quarters Mean Median Deviation Max Min Lag 1 Lag 2 Lag 3 Lag 4

Panel A: Australian Data (1980-2004)

TAK 100 45.70 43 21.99 137 9 0.93 0.89 0.86 0.84
TAKc 100 31.99 27.5 16.34 100 7 0.92 0.88 0.82 0.79
TAKsh 100 4.61 4 3.19 15 0 0.85 0.83 0.84 0.81
%TAK 100 3.74 3.49 1.47 9.71 0.91 0.93 0.9 0.86 0.85
%TAKc 100 2.65 2.55 1.16 7.09 0.71 0.92 0.88 0.83 0.8
%TAKsh 100 0.37 0.33 0.24 1.04 0 0.83 0.82 0.83 0.8
AOI 100 1.28 1.39 9.21 25.21 -43.41 -0.05 0.09 0.03 -0.11
INDM 100 -0.35 -0.14 7.23 26.75 -21.06 -0.15 -0.11 0.13 -0.12
INT 100 2.38 2.38 0.81 3.87 1.23 0.99 0.98 0.97 0.96
TIP 100 0.53 0.48 1.6 4.35 -5.38 0.14 0.11 0.09 0
CAE 100 0.69 0.57 1.29 3.57 -1.62 0.7 0.63 0.57 0.45

Panel B: US Data (1982-2004)

TAK 92 213.98 205 94.29 441 46 0.99 0.98 0.97 0.96
TAKc 92 101.23 95 52.89 233 19 0.98 0.97 0.95 0.94
TAKsh 92 26.07 18 20.03 78 3 0.96 0.95 0.94 0.92
%TAK 92 2.84 2.91 1.06 5.39 0.83 0.99 0.98 0.97 0.96
%TAKc 92 1.35 1.28 0.64 3.01 0.34 0.98 0.97 0.95 0.94
%TAKsh 92 0.33 0.26 0.22 0.9 0.05 0.96 0.95 0.94 0.92
S&P500 92 2.27 3.42 8.13 20.22 -23.93 0.07 0.08 0.03 0.08
INT 92 1.79 1.71 0.59 3.4 0.82 0.98 0.96 0.94 0.92
TIP 92 0.73 0.94 1.99 5.22 -5.3 0.17 -0.11 0.05 0.59
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Table 3: Predictive regressions of Australian takeover bids (number) on ex-
planatory variables lagged by one quarter - Two-state model.

Regressions take the form: TAKt = (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−1 + et. The
table presents the results from forecasting takeover activity in quarter t using all macro-economic and
financial market variables lagged by one quarter. TAK is total number of takeover bids of ASX-listed
target companies. P1 and P0 are probability of being in a wave state and in a non-wave state when
modeling TAK annual time series by ARMA(1,1) State-space Markov Switching model. Zt−1 contains
the independent variables in previous quarter (AOI is excess returns of All Ordinaries Accumulation
Index; INDM is excess returns on Metals & Mining industry (orthogonal index); INT is 10-year
Government Bond rate; TIP and CAE represent the growth rate of total industrial production and
private new capital expenditure). The sample period is quarterly 1980-2004. Standard errors appear in
parentheses below the parameter estimates. Bold figures indicate that the coefficients are significant at
10% or better, with superscript a, b, or c indicate significance level of 1%, 5%, or 10%.

Dependent variable: Number of Australian takeover bids at time t

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept, Non-wave 28.28a 41.6a 26.8a 30.56a 29.71a 41.93a 39.72a 40.82a

(2.27) (5.39) (2.33) (2.72) (2.65) (5.39) (5.77) (5.81)
Intercept, Wave 79.08a 133.72a 82.65a 81.12a 83.03a 131.71a 138.04a 131.65a

(3.61) (9.52) (3.88) (3.71) (3.76) (9.62) (10.73) (11.77)

AOIt−1, Non-wave -0.21 -0.22 -0.17 -0.22
(0.26) (0.24) (0.21) (0.21)

AOIt−1, Wave 0.53 0.57 0.22 0.21
(0.35) (0.37) (0.28) (0.33)

INDMt−1
, Non-wave 0.17 0.03 0.03 0.07

(0.3) (0.28) (0.24) (0.24)
INDMt−1

, Wave 0.83c 1.53a 0.58 0.59
(0.49) (0.48) (0.39) (0.46)

INTt−1, Non-wave -5.41a -5.42b -4.63c -5.21b

(2.08) (2.08) (2.58) (2.60)
INTt−1, Wave -23.53a -22.89a -25.97a -22.79a

(3.93) (3.95) (4.88) (5.38)

TIPt−1, Non-wave 2.15c 2.00 1.12 1.51
(1.27) (1.23) (1.02) (1.06)

TIPt−1, Wave -4.45b -4.33 0.58 -0.38
(2.46) (2.94) (2.15) (2.66)

CAEt−1, Non-wave -2.13 -1.50 -0.65 -0.04
(1.64) (1.59) (1.68) (1.71)

CAEt−1, Wave -7.16b -10.22b 2.71 0.07
(3.81) (4.03) (3.70) (4.29)

Adjusted R2 0.53 0.70 0.54 0.56 0.59 0.70 0.70 0.69
No. of observations 100 100 100 100 100 100 100 100
Regression residuals
- Serial correlation Yes No Yes Yes Yes No No No
- Heteroscedasticity Yes No Yes Yes Yes No No No
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Table 4: Predictive regressions of Australian takeover bids (number) on ex-
planatory variables lagged by 1 quarter - Single-state model.

Regressions take the form: TAKt = α + An.Zt−i + et. The table presents the results from forecasting
takeover activity in quarter t using all macro-economic and financial market variables lagged by one
quarter. TAK is total number of takeover bids of ASX-listed target companies. Zt−1 contains the
independent variables in previous quarter (AOI is excess returns of All Ordinaries Accumulation Index;
INDM is excess returns on Metals & Mining industry (orthogonal index); INT is 10-year Government
Bond rate; TIP and CAE represent the growth rate of total industrial production and private new
capital expenditure). The sample period is quarterly 1980-2004. Standard errors appear in parentheses
below the parameter estimates. Bold figures indicate that the coefficients are significant at 10% or
better, with superscript a, b, or c indicate significance level of 1%, 5%, or 10%.

Dependent variable: Number of Australian takeover bids at time t

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept 45.73a 74.93a 44.89a 50.26a 50.06a 74.45a 69.78a 68.85a

(2.2) (6.23) (2.32) (2.38) (2.41) (6.3) (6.63) (6.75)

AOIt−1 0.04 0.09 -0.05 0.01
(0.24) (0.22) (0.22) (0.21)

INDMt−1
0.41 0.39 0.23 0.26
(0.3) (0.27) (0.27) (0.26)

INTt−1 -12.21a -11.96a -9.23a -8.77a

(2.47) (2.49) (2.91) (2.96)

TIPt−1 1.43 0.31 0.7 0.64
(1.38) (1.27) (1.22) (1.22)

CAEt−1 -6.04a -6.61a -3.39c -3.53c

(1.59) (1.57) (1.82) (1.83)

Adjusted R2 0.01 0.2 0.01 0.13 0.14 0.19 0.21 0.21
No. of observations 100 100 100 100 100 100 100 100
Regression residuals
- Serial correlation Yes Yes Yes Yes Yes Yes Yes Yes
- Heteroscedasticity Yes Yes Yes Yes Yes Yes Yes Yes
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Table 5: Predictive regressions Australian Takeover Bids (as a proportion to
number of listed companies) on explanatory variables lagged by 1 quarter -
Two-state Model.

Regressions take the form: %TAKt = (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−i + et. The
table presents the results from forecasting takeover activity in quarter t using all macro-economic and
financial market variables lagged by one quarter. %TAK is the percentage of Australian takeover bids
to the number of companies listed on the ASX. P1 and P0 are probability of being in a wave state
and in non-wave state when modeling %TAK annual time series by ARMA(1,1) State-space Markov
Switching model. Zt−1 contains the independent variables in previous quarter (AOI is excess returns of
All Ordinaries Accumulation Index; INDM is excess returns on Metals & Mining industry (orthogonal
index); INT is 10-year Australian Government Bond rate; TIP and CAE represent the growth rate
of total industrial production and private new capital expenditure). The sample period is quarterly
1980-2004. Standard errors appear in parentheses below the parameter estimates. Bold figures indicate
that the coefficients are significant at 10% or better, with superscript a, b, or c indicate significance level
of 1%, 5%, or 10%.

Dependent variable: Proportion of Australian Takeover Bids at time t

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept, Non-wave 3.42a 4.44a 3.33a 3.65a 3.58a 4.41a 4.06a 4.01a

(0.13) (0.37) (0.13) (0.14) (0.14) (0.37) (0.37) (0.38)
Intercept, Wave 6.6a 9.71a 6.52a 6.72a 6.23a 9.89a 9.79a 10.39a

(0.45) (1.16) (0.44) (0.4) (0.45) (1.23) (1.14) (1.58)

AOIt−1, Non-wave -0.0002 0.006 -0.004 -0.003
(0.01) (0.01) (0.01) (0.01)

AOIt−1, Wave 0.09 -0.02 0.09 0.07
(0.08) (0.09) (0.07) (0.1)

INDMt−1
, Non-wave 0.01 0.01 0.01 0.01

(0.02) (0.02) (0.02) (0.02)
INDMt−1

, Wave -0.02 0.14 -0.07 -0.08
(0.08) (0.11) (0.08) (0.13)

INTt−1, Non-wave -0.41a -0.4a -0.23 -0.21
(0.15) (0.15) (0.16) (0.17)

INTt−1, Wave -1.51a -1.63a -1.71a -1.98a

(0.56) (0.58) (0.56) (0.72)

TIPt−1, Non-wave 0.18b 0.16b 0.17b 0.17b

(0.08) (0.07) (0.07) (0.07)
TIPt−1, Wave -0.88 -1.18c -1.14b -0.87

(0.58) (0.7) (0.54) (0.68)

CAEt−1, Non-wave -0.29a -0.27a -0.2b -0.21b

(0.09) (0.09) (0.1) (0.1)
CAEt−1, Wave -0.94 -1.76 -0.01 0.69

(0.83) (1.08) (0.82) (1.37)

Adjusted R2 0.35 0.44 0.39 0.42 0.44 0.43 0.49 0.47
No, of observations 100 100 100 100 100 100 100 100
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Table 6: Predictive regressions of Australian cash bids (as a proportion to
number of listed companies) on explanatory variables lagged by 1 quarter -
Two-state model.

Regressions take the form: %TAKct
= (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−i + et. The

table presents the results from forecasting cash-based bids in quarter t using all macro-economic and
financial market variables lagged by one quarter. %TAKc is the percentage of Australian cash-based
bids to the number of companies listed on the ASX. P1 and P0 are probability of being in a wave state
and in a non-wave state when modeling %TAKc annual time series by ARMA(1,1) State-space Markov
Switching model. Zt−1 contains the independent variables in previous quarter (AOI is excess returns of
All Ordinaries Accumulation Index; INDM is excess returns on Metals & Mining industry (orthogonal
index); INT is 10-year Australian Government Bond rate; TIP and CAE represent the growth rate
of total industrial production and private new capital expenditure). The sample period is quarterly
1980-2004. Standard errors appear in parentheses below the parameter estimates. Bold figures indicate
that the coefficients are significant at 10% or better, with superscript a, b, or c indicate significance level
of 1%, 5%, or 10%.

Dependent variable: Proportion of Australian Cash-funded Takeover Bids at time t

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept, Non-wave 2.41a 2.65a 2.35a 2.53a 2.46a 2.63a 2.4a 2.36a

(0.1) (0.32) (0.11) (0.11) (0.12) (0.32) (0.33) (0.33)
Intercept, Wave 4.69a 6.67a 4.62a 4.84a 4.41a 6.77a 6.66a 7.05a

(0.36) (0.99) (0.36) (0.34) (0.38) (1.05) (0.99) (1.37)

AOIt−1, Non-wave 0.0003 0.004 -0.0005 0.002
(0.01) (0.01) (0.01) (0.01)

AOIt−1, Wave 0.12c 0.03 0.13b 0.1
(0.06) (0.08) (0.06) (0.09)

INDMt−1
, Non-wave 0.005 0.0002 0.004 0.004

(0.01) (0.01) (0.01) (0.01)
INDMt−1

, Wave -0.04 0.08 -0.08 -0.07
(0.06) (0.09) (0.07) (0.12)

INTt−1, Non-wave -0.09 -0.08 0.03 0.04
(0.12) (0.12) (0.14) (0.14)

INTt−1, Wave -0.92c -1.04b -1.07b -1.26b

(0.48) (0.49) (0.48) (0.63)

TIPt−1, Non-wave 0.13b 0.12b 0.12b 0.12b

(0.06) (0.06) (0.06) (0.06)
TIPt−1, Wave -0.95b -0.98c -1.14b -0.79

(0.48) (0.58) (0.48) (0.58)

CAEt−1, Non-wave -0.13c -0.12 -0.13 -0.14
(0.08) (0.07) (0.09) (0.09)

CAEt−1, Wave -0.83 -1.15 -0.2 0.42
(0.7) (0.91) (0.7) (1.19)

Adjusted R2 0.31 0.33 0.35 0.34 0.35 0.33 0.38 0.36
No. of observations 100 100 100 100 100 100 100 100

37

624



Table 7: Predictive regressions of Australian shares-based bids (as a proportion
to number of listed companies) on explanatory variables at each of previous 4
quarters - Two-state model.

Regressions take the form: %TAKsht
= (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−i + et. The

table presents the results from forecasting shares-based bids in quarter t using all macro-economic and
financial market variables lagged by one quarter. %TAKsh is the percentage of Australian shares-based
bids to the number of companies listed on the ASX. P1 and P0 are probability of being in a wave state
and in non-wave state when modeling %TAKsh annual time series by ARMA(1,1) State-space Markov
Switching model. Zt−1 contains the independent variables in previous quarter (AOI is excess returns of
All Ordinaries Accumulation Index; INDM is excess returns on Metals & Mining industry (orthogonal
index); INT is 10-year Australian Government Bond rate; TIP and CAE represent the growth rate
of total industrial production and private new capital expenditure). The sample period is quarterly
1980-2004. Standard errors appear in parentheses below the parameter estimates. Bold figures indicate
that the coefficients are significant at 10% or better, with superscript a, b, or c indicate significance level
of 1%, 5%, or 10%.

Dependent variable: Proportion of Australian Shares-based Takeover Bids at time t

(1) (2) (3) (4) (5) (6) (7) (8)

Intercept, Non-wave 0.29a 0.32 a 0.28a 0.32a 0.3a 0.32a 0.29a 0.26a

(0.02) (0.08) (0.02) (0.02) (0.03) (0.08) (0.08) (0.08)
Intercept, Wave 0.89a 2.44a 0.95a 0.83a 0.91a 2.37a 2.4a 2.51a

(0.07) (0.85) (0.09) (0.09) (0.16) (0.85) (0.85) (0.87)

AOIt−1, Non-wave 0.002 0.003 0.002 0.003
(0.003) (0.003) (0.002) (0.003)

AOIt−1, Wave 0.006 -0.002 0.004 -0.005
(0.006) (0.01) (0.006) (0.01)

INDMt−1
, Non-wave 0.002 0.002 0.002 0.002

(0.003) (0.003) (0.003) (0.003)
INDMt−1

, Wave 0.003 -0.002 0.002 -0.001
(0.009) (0.02) (0.008) (0.02)

INTt−1, Non-wave -0.02 -0.02 -0.005 0.003
(0.03) (0.03) (0.03) (0.03)

INTt−1, Wave -0.52c -0.49c -0.48b -0.51b

(0.28) (0.28) (0.27) (0.28)

TIPt−1, Non-wave 0.02 0.02 0.02 0.02
(0.01) (0.01) (0.01) (0.01)

TIPt−1, Wave -0.06 -0.07 -0.06 -0.09
(0.04) (0.07) (0.04) (0.07)

CAEt−1, Non-wave -0.04b -0.04b -0.02 -0.03
(0.02) (0.02) (0.02) (0.02)

CAEt−1, Wave 0.05 0.06 0.03 0.05
(0.09) (0.18) (0.08) (0.18)

Adjusted R2 0.39 0.43 0.41 0.42 0.42 0.42 0.44 0.43
No. of observations 100 100 100 100 100 100 100 100
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Table 8: Predictive regressions of US takeover bids (number) on explanatory
variables lagged by one quarter - Two-state model.

Regressions take the form: TAKt = (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−1 + et. The
table presents the results from forecasting shares-based bids in quarter t using all macro-economic and
financial market variables lagged by one quarter. TAK is total number of takeover bids of US listed
target companies. P1 and P0 are probability of being in a wave state and in a non-wave state when
modeling TAK annual time series by AR(1) Markov Switching model. Zt−1 contains the independent
variables in previous quarter (S&P500 is returns of S&P500 Accumulation Index in excess of US 3-month
Treasury bill rate; INT is 10-year US Government Bond rate; TIP represents the growth rate of total
industrial production). The sample period is quarterly 1982-2004. Standard errors appear in parentheses
below the parameter estimates. Bold figures indicate that the coefficients are significant at 10% or
better, with superscript a, b, or c indicate significance level of 1%, 5%, or 10%.

Dependent variable: Number of US takeover bids at time t

(1) (2) (3) (4) (5) (6) (7)

Intercept, Non-wave 123.33a 189.48a 120.53a 183.44a 117.06a 182.85a 171.99a

(12.56) (37.49) (12.32) (38.44) (12.92) (36.85) (37.64)
Intercept, Wave 326.65a 460.31a 320.66a 475.8a 323.19a 460.21a 482.97a

(15.03) (83.08) (16.7) (85.89) (17.02) (81.64) (83.53)

S&P500t−1, Non-wave 0.49 0.71 1.35 1.6
(1.56) (1.43) (1.56) (1.42)

S&P500t−1, Wave -0.72 -1.17 -1.14 -1.66
(1.92) (1.78) (1.91) (1.76)

INTt−1, Non-wave -35.98c -33.75c -34.48c -30.83
(19.48) (19.7) (18.96) (19.07)

INTt−1, Wave -74.2c -80.75c -76.32c -86.72b

(44.69) (45.57) (43.47) (44.1)

TIPt−1, Non-wave 9.57c 10.29c 9.18c 9.92c

(5.62)c (5.75) (5.09) (5.2)
TIPt−1, Wave 3.06 3.82 3.19 4.34

(8.67) (8.83) (7.86) (7.96)

Adjusted R2 0.48 0.57 0.5 0.56 0.5 0.58 0.58
No. of observations 92 92 92 92 92 92 92
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Table 9: Predictive regressions of US takeover bids (as a proportion to number
of listed companies) on explanatory variables lagged by one quarter - Two-
state model.

Regressions take the form: %TAKt = (αSt=1P1 + αSt=0P0) + (An,St=1P1 + An,St=0P0)Zt−i + et.
The table presents the results from forecasting proportion of US takeover bids in quarter t using all
macro-economic and financial market variables lagged by one quarter. %TAK is the proportion of US
takeover bids to the number of listed companies. P1 and P0 are probability of being in a wave state and
in a non-wave state when modeling %TAK annual time series by AR(1) Markov Switching model. Zt−1

contains the independent variables in previous quarter (S&P500 is returns of S&P500 Accumulation
Index in excess of US 3-month Treasury bill rate; INT is 10-year US Government Bond rate; TIP
represents the growth rate of total industrial production). The sample period is quarterly 1982-2004.
Standard errors appear in parentheses below the parameter estimates. Bold figures indicate that the
coefficients are significant at 10% or better, with superscript a, b, or c indicate significance level of 1%,
5%, or 10%.

Dependent variable: Proportion of US takeover bids at time t

(1) (2) (3) (4) (5) (6) (7)

Intercept, Non-wave 2.29a 1.95a 2.22a 1.9a 2.21a 1.94a 1.9a

(0.11) (0.37) (0.11) (0.38) (0.11) (0.36) (0.37)
Intercept, Wave 6.69a 28.7a 6.58a 29.71a 6.61a 27.8a 28.39a

(0.48) (4.82) (0.52) (5.02) (0.52) (4.8) (4.94)

S&P500t−1, Non-wave -0.003 -0.004 0.003 0.001
(0.01) (0.01) (0.01) (0.01)

S&P500t−1, Wave 0.03 -0.02 0.02 -0.02
(0.05) (0.04) (0.05) (0.04)

INTt−1, Non-wave 0.06 0.08 0.03 0.05
(0.18) (0.19) (0.18) (0.18)

INTt−1, Wave -10.44a -10.92a -9.98a -10.26a

(2.3) (2.39) (2.27) (2.34)

TIPt−1, Non-wave 0.11b 0.11b 0.11b 0.11b

(0.05) (0.05) (0.04) (0.04)
TIPt−1, Wave 0.1 0.05 -0.18 -0.14

(0.36) (0.37) (0.3) (0.31)

Adjusted R2 0.42 0.6 0.47 0.59 0.46 0.62 0.61
No. of observations 92 92 92 92 92 92 92
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Figure 1: Australian Data - Number of Takeover Bids - Probabilities of Wave State under ARMA(1,1)
State-Space Markov Switching Model
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Figure 2: Australian Data - Proportion of Takeover Bids to Number of Listed Companies - Probabilities
of Wave State under ARMA(1,1) State-Space Markov Switching Model
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Figure 3: Australian Data - Proportion of Cash Bids to Number of Listed Companies - Probabilities of
Wave State under ARMA(1,1) State-Space Markov Switching Model
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Figure 4: Australian Data - Proportion of Share-funded Bids to Number of Listed Companies - Proba-
bilities of Wave State under ARMA(1,1) State-Space Markov Switching Model
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Figure 5: US Data - Number of Takeover Bids - Probabilities of Wave State under AR(1) Gaussian
Markov Switching Model
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Figure 6: US Data - Proportion of Takeover Bids to Number of Listed Companies - Probabilities of
Wave State under AR(1) Gaussian Markov Switching Model
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1. Introduction 

Credit rating agencies are entrusted as specialist information providers in 

international financial markets and should in theory facilitate the efficient operation of 

financial markets. Yet, the informational value of ratings and the role of rating 

agencies in the international financial system remains widely debated. In particular, 

the development of the Asian Financial Crisis (AFC) in the past decade raises some 

outstanding research questions. Does news on sovereign debt ratings impact on 

currency markets? What about its relation to stock markets?  Do sovereign ratings 

have significant impacts on the higher moments of asset returns? As significant 

financial losses resulted from drastic declines in currency values and stock prices 

during the AFC, these questions need to be addressed before the next currency crisis 

erupts.  

This paper aims to examine the effect of sovereign credit rating and outlook 

change announcements on the realised second moments of stock returns and foreign 

exchange rates for nine sample countries in the Asia-Pacific region. As credit rating 

agencies have often been criticised for being slow to react in international debt crises 

(see Mora (2006)), it is important to assess the wider impacts of rating agencies’ 

guidance on the stability of stock and foreign exchange (FX) markets, as measured by 

higher moments of realized return distributions. In particular, we focus on the impacts 

over the period from 1997 to 2001, covering recent episodes of financial crises in East 

Asia and other parts of the world. Focusing on realised volatility (higher moments) is 

important in this study as realised volatility (idiosyncratic risk) is a key element in 

financial market contagion. As noted by Kodres and Pritsker (2002), contagion occurs 

through a cross-market rebalancing channel - when market participants are hit with a 

shock to idiosyncratic risk in one country (as measured by realised volatility in our 
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study) the shock is transmitted aboard by investors optimally rebalancing their 

portfolio exposures to macroeconomic risks (or rating news in our case) through other 

countries’ markets. Kodres and Pritsker (2002) further argue that countries with 

common macroeconomic factors are most vulnerable to this contagion however 

countries with independent macroeconomic risks can also be vulnerable given that 

they are indirectly linked via portfolio rebalancing effects. 

Sovereign credit ratings provide publicly available information on a national 

government’s ability and willingness to service its debts in a timely manner and are 

primarily determined by a country’s economic fundamentals (see Afonso (2003) and 

Cantor and Packer (1996)). To date, the full extent of the impacts of agency ratings in the 

financial system remains not well understood. This paper complements existing studies 

and makes a significant contribution to the academic literature on rating impacts in 

international financial markets. Whilst the significant impacts of sovereign credit ratings 

on stock and debt market returns are established in the ratings literature (see Cantor and 

Packer (1996), Reisen and Von Maltzan (1999), Kaminsky and Schmukler (1999, 2002), 

Brooks et al. (2004), Gande and Parsely (2005), Ferreira and Gama (2007) and 

Pukthuanthong-Le et al. (2007)), the effects on higher moment asset returns; currency 

markets; and the joint effects on currency and stock markets have never been explicitly 

examined. As the asymmetric effects of ratings are established in the extant literature in 

that rating downgrades have bigger market impacts than upgrades (Reisen and Von 

Maltzan (1999), Brooks et al. (2004), Gande and Parsely (2005), Ferreira and Gama 

(2007)), it is only natural to examine whether there are also asymmetries in the rating 

impacts on higher moment stock and currency market returns. Examining the rating 

impacts on second moments (i.e. realised volatility and correlation) is important as Kodres 
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and Pritsker (2002) and Fleming, Kirby and Ostdiek (1998) demonstrate that the best way 

to look at information and information linkages in financial markets is through volatilities. 

The existing studies on rating impacts predominantly use the event study 

methodology and they examine the cumulative abnormal returns of stock markets in a 

time window of several days after a rating announcement to determine the impact of 

rating changes (see for example, Brooks et al (2004) and Ferreira and Gama (2007)). 

Instead, we propose a more flexible methodology for capturing a country’s own rating 

impacts and its spill-over effects on other countries by using high frequency currency 

and stock market data to compute realized volatilities and realized cross-market 

correlations. The differential impacts on currencies and stock markets in the Asia-

Pacific during the AFC presents a good natural experiment for ascertaining the impact 

of sovereign ratings events on these second moment asset return measures. The 

significance of looking at higher moments is that it enables a better understanding of 

the influence of rating changes on financial market stability.  

Our study also relates to the literature on the linkages between stock and 

currency returns, raised by the events of the AFC. Phylaktis and Ravazzolo (2005) 

employ cointegration techniques to model short- and long-run dynamic relationships 

between monthly stock prices and exchange rates in the Pacific Basin region.  

Cumperayot et al. (2006) focus on modelling linkages between extreme stock market 

declines and currency depreciations using daily data. Kallberg et al. (2005) model 

structural breaks in the relations between currency and equity returns and volatility to 

find that market linkages strengthened during the AFC. Our study complements this 

literature by focusing on the impact of sovereign ratings on contemporaneous realized 

correlations between stock and currency markets in the Asia-Pacific region computed 

from intraday data. News on sovereign debt ratings may affect stock-FX correlations. 
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Ratings information provide signals on future economic conditions within the rated 

country and a downgrade may cause the national government to implement policies 

which reduce companies’ future cashflows (eg., raising corporate taxes to service 

increased costs of debt) and affect stock markets as well as creating a general loss of 

investor confidence and rapid selling of the currency.    

We find that currency and stock markets react some what heterogeneously to 

ratings announcements with stock markets responding more significantly to rating 

news than currency markets. Changes on sovereign credit outlooks generally have 

more significant impact on realized volatilities than actual rating changes. We also 

find clear evidence that rating events have significant and asymmetric impacts on 

higher moments of both asset market returns under normal market conditions but 

during financial crises realized volatilities increase with rating upgrades, downgrades 

and even investment grade ratings. Realized stock-FX correlations increase with 

downgrades and decrease with upgrades but this asymmetry is not affected by 

financial crises. The AFC increased the sensitivity of realized volatilities to different 

types of ratings information and there were significant interactive effects with 

national market attributes. Finally, there were marginal rating spillover effects from 

Indonesia, Philippines and Thailand on other markets’ realized measures.   

The contributions of our paper are as follows. First, to our best knowledge, 

this is the first study to apply intraday financial market data to investigate the impact 

of sovereign credit ratings. The advantages of using daily measures computed from 

intraday data over day to day closing prices is that they provide a better representation 

and more robust estimate of actual price behaviour. Daily close-to-close measures are 

unable to capture the intraday price fluctuations, which can be substantial particularly 

during times of financial distress. This is important given that this paper delineates 
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from the existing ratings literature by studying the impact of different types of ratings 

information during a financial crisis. Furthermore, we empirically investigate the 

impacts of sovereign credit ratings and its spill over effects on FX markets for the first 

time and we shed new light on the impact of sovereign ratings on the second moments 

of asset returns, including cross-stock-FX market correlations.  

Overall, this research has serious implications in light of the increased role 

of sovereign credit ratings under the new Basel II banking regulatory framework. A 

clearer understanding of rating impacts on stock and currency markets will not only 

be beneficial for forecasting asset return volatility and risk management by corporate 

treasurers, portfolio investors and financial institutions managers but also system 

stability management by policymakers. 

The organization of this paper is as follows. In section 2, we provide the data 

description followed by the empirical modelling in Section 3. In Section 4 we discuss 

our findings before concluding in Section 5.  

2. Data description 

The dataset used in this study consists of the bid-ask quotes for both 

currencies traded and stock market indices in nine countries in the Asia-pacific region 

– namely, Australia, HK, Indonesia, Japan, Korea, Philippines, Singapore, Taiwan 

and Thailand. These are the only countries in the Asia-pacific region for which both 

stock and currency data are available at the intraday frequency.1  Our sample period 

starts 6 January 1997 and ends 30 August 2001.2  

                                                 
1  Whilst data was also available for Malaysia, it was excluded from our sample due to the 

implementation of its currency control during the Asian Financial crisis. Bank Negara Malaysia pegged 

the ringgit to the U.S. dollar in September 1998, fixing its exchange rate at 3.80 ringgits to the dollar 

for almost seven years.  
2 The sample period that we study is the longest for which we have intraday data from both stock and 

currency markets to compute realized volatilities and cross market correlations 

 8

636



The FX data used in this paper consists of the tick-by-tick FX rates from Olsen 

and Associates (a proprietary international brokering firm) for the following 

currencies: Australian Dollar (AUD), Hong Kong Dollar (HKD), Indonesian Rupiah 

(IDR) Japanese Yen (JPY), Korean Won (KRW), Philippine Peso (PHP), Singaporean 

Dollar (SGD), New Taiwan Dollar (TWD) and Thai Baht (THB). All currencies are 

quoted against the USD. The most liquid FX rate in our sample is the JPY with the 

average number of quotes being 5,811 quotes a day while the TWD is the least liquid 

rate with the average number of quotes being 77 quotes a day. The stock market index 

data are captured from the Reuters’ terminal and provided by SIRCA (Securities 

Industry Research Centre of Asia) in their TACTIQ database. These indices include 

the Australian S&P/ASX1003 (ATO1), Hong Kong’s Hang Seng Index (HSI), Jakarta 

Stock index (JSX), Japan Nikkei index (Nikkei), Korean KOSPI 200 Index (KS200), 

Philippine Composite Index (PCI), Singapore’s Strait Times Index (SSI), Taiwan 

Index (TWI) and the Stock Exchange of Thailand Index (SETI). All indices are 

denominated in local currencies. The SSI is the most liquid stock market index with 

the average number of quotes being 721 quotes a day while the TWI is the least liquid 

with the average number of quotes being 123 quotes a day.  Although the FX market 

is a non-stop trading market, the stock market is not. Hence, when computing stock 

market realized measures and cross-stock-FX market correlations we only consider 

the part of the day when stock markets in these sample countries are open. Table A.1 

shows stock market trading hours in our sample. We therefore define our trading 

hours for all stock markets considered as 23:00GMT to 09:00GMT, excluding 

weekends and 23:00 GMT to 23:00GMT for all FX markets. 

                                                 
3 As an alternative benchmark stock market index for Australia, we also analysed the All Ordinaries 

index and our conclusions remain qualitatively unchanged.  
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In addition, we use the history of foreign currency sovereign credit ratings 

and credit outlooks and watches from Standard and Poors.4 As the timing of ratings 

announcements are not consistent 5 , we focus on daily impacts of ratings 

announcements. Following the approaches of Gande and Parseley (2005) and Ferreira 

and Gama (2007), we linearly transform actual ratings and outlook and credit watch 

guidance on imminent rating changes into a comprehensive credit rating (CCR) 

measure over time.  We define a ‘rating event’ as a non-zero change in this CCR 

series. There are a total of 42 rating events in our overall sample, with Indonesia and 

Korea being the most actively re-rated countries, contributing 12 and 11 of those 

events respectively. 

Based on the works of Andersen and Bollerslev (1998), Barndorff-Nielsen & 

Shephard (2001) and Andersen et al. (2003),  we argue that daily realized measures 

calculated based on intraday returns provides more consistent and efficient measures 

than those computed from close to close prices. 

Hence, the daily realized volatility is defined as follows: 

2
,1

D
t d d tRV

=
= r∑                                                     (1) 

where denotes a dth 60-minute return,d tr 6 during day t and D denotes the total number 

of 60-minute return intervals during any trading day.  This is                             

the sum of consecutive squared log price changes. 

7

                                                 
4 We focus only on foreign currency sovereign ratings assessments provided by S&P as previous 

studies have found these exert the greatest impact on market returns and are less anticipated (see 

Reisen and von Maltzan (1999) and Brooks et al. (2004)). 
5 S&P ratings announcements are generally made local a.m. time but the exact timing is not consistent. 
6 The intraday return is calculated as the log difference of the midpoint at time t and midpoint at time  

t-1. We use the mid-point quote between the Bid and Ask price to minimize the effect of Bid-Ask 

bounce, as suggested by Roll (1984). 
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The daily realized correlation is defined as follows: 

( )( ), , , , , ,

1
, ,

D d j t j t d i t i t
t d

i t j t

r r r r
RCOR

σ σ=

− −
=∑                                                     (2) 

where  and denote a dth 60-minute return during day t for asset i and j; σi,t 

and σj,t are the standard deviations for asset i and j on day t; and 

, ,d i tr , ,d j tr

,i tr   and ,j tr are the 

average returns for asset i and j on day t. Following Christiansen and Ranaldo’s (2007) 

modelling of realized bond-stock correlation, we also perform a Fisher transformation 

to convert the [-1,1] bounded correlation measure to support the whole real line. 

Table 1 reports descriptive statistics of the daily realized volatilities and 

cross-market correlations. We find the Australian stock market index and the HKD to 

be the least volatile which makes intuitive sense given the strong economic 

performance of the former over the sample period and the latter is pegged at 7.8 

HKD/USD under a currency board arrangement. Moreover, the Indonesian stock 

market index and the Philippine Peso are the most negatively skewed suggesting that 

they carried the greatest downside risk during the sample period. Most sample 

countries, except for Australia, Indonesia and Thailand, exhibit negative correlations 

between their stock and currency market returns. A strong serial correlation exists for 

daily realized series as the Ljung-Box Q-statistics rejects the null hypothesis of no 

autocorrelation up to twenty lags in most cases. The Augmented Dickey Fuller (ADF) 

test rejects the existence of a unit root in the time series of daily realized measures for 

                                                                                                                                            
7 Based on volatility signature plots (available upon request), we proceeded to use the daily realized 

measures computed from 60 minute intervals for our empirical estimations as they appear to only 

stabilize from this sampling interval. As a robustness check, we also ran preliminary estimations with 

measures computed from higher frequency sampling intervals in the day. Our results remain 

qualitatively the same. 

 

 11

639



both stock and FX markets. Hence, the time series of these daily realized measures 

can be analysed in levels. 

<insert Table 1> 

3. Empirical modeling  

To investigate the impacts of ratings announcements on realized volatilities 

and cross-market correlations for currency and stock returns, we utilise a framework 

similar to that adopted by Christiansen and Ranaldo (2007) for studying intraday news 

effects in the US stock and bond markets.  

However, instead of using straight-forward dummy variables for capturing 

announcement effects during the trading day, we adopt the comprehensive credit 

rating “event” variables similar to those used in Gande and Parsely (2005) and 

Ferreira and Gama (2007) for studying rating spillover effects from other countries in 

international debt and stock markets respectively. In this way, we introduce a more 

flexible framework for investigating the impact of different types of ratings 

information on the day of announcement. 

Rating events are defined as a non-zero change in the comprehensive credit 

rating series comprising actual credit ratings and credit outlooks and watches assigned 

to the country’s sovereign debt. Both forms of ratings guidance are intended to be 

forward-looking measures of the perceived ability and willingness of sovereign debt 

issuers to service their financial obligation. However, actual rating changes reflect 

perceived permanent changes in credit quality in the long-term whereas credit 

outlooks and watches indicate imminent changes in ratings over the short-term. 

Using pooled (panel) regression analysis, we estimate the following base 

model specification with fixed country effects:  

, 1 , 2 , 1 3 ,i t i i t i t i t K K i tY Event Event CCR X ,α β β β β−= + + + + +∑ ε    (3) 
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where is the realised volatility; or cross-FX-stock return correlation for country i 

on day t, CCRi,t is the country’s ratings level, Eventi,t  is the change in the CCR 

measure on day t and X is a matrix of variables relating to different types of ratings 

information and periods of financial crises (Asian Financial crisis - AFC and Global 

financial crises - GFC which is the sum of the AFC, Russian as well as the Brazilian 

and Turkish financial crises occurring during our sample period) and 

,i tY

,i tε is a random 

error term.8,9 The main variables of interest are Event and other rating and crises 

variables (modelled as intercept and/or interactive dummy variables). The CCR 

variable controls for non-linearities in market reaction relative to the position of each 

country on the rating scale. 

This empirical framework is sufficiently flexible to allow for an in-depth 

analysis on the market impacts of different types of ratings information – downgrades 

and upgrades; outlook and rating changes; investment grade rating; rating spillovers 

and their interaction with financial crises and national market attributes. We adopt a 

similar regression model specification to that used in Ferreira and Gama (2007) to 

capture the form of rating impacts. However, we uniquely depart from their event 

study methodology used to study rating spill over effects in international stock market 

returns by using higher frequency data to study rating impacts on financial market 

stability as measured by more efficient and consistent daily realized volatility and 

correlation measures and focusing on same country rating impacts in addition to 

                                                 
8 The financial crises variables are defined with a value of one on days during international financial 

crises and zero otherwise based on dates in Kaminsky and Schmukler (2002) and Kaminsky et al. 

(2003).  
9 Dynamic panel data estimations with ∆Y and Yt-1 were also conducted but the model specification 

was not appropriate. Furthermore, we also included Yt-1 as an additional explanatory variable to 

account for serial correlation and used log (Yt) as the dependent variable but the conclusions remain 

virtually unchanged and have been omitted for brevity. 
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rating spill over effects. Furthermore, we broaden our ratings study to assess the 

impact of different types of ratings information on financial market stability, with a 

particular focus on periods of financial crises. 

We first compare the impact of region specific and generic global financial 

crises on realized volatilities and correlations in Asia-pacific financial markets with a 

CRISIS dummy variable that takes on a value of one during either the Asian financial 

crisis (AFC) or throughout all global financial crises (GFC) occurring in the sample. 

, 1 , 2 , 1 3 , 4i t i i t i t i t i tY Event Event CCR CRISIS ,α β β β β−= + + + + +ε

,

   (4) 

Second, to separately compare the impact of downgrade and upgrade phases 

in ratings and their interactive effects with financial crises the following models are 

estimated: 

, 1 , 2 , 1 3 , 4i t i i t i t i t t i tY Event Event CCR Iα β β β β−= + + + + +ε

,

   (5a) 

, 1 , 2 , 1 3 , 4i t i i t i t i t t t i tY Event Event CCR AFC Iα β β β β−= + + + + × +ε

,

              (5b) 

where It is an indicator variable for downgrades - DG (upgrades - UG) and takes a 

value of one in the period from a negative (positive) to positive (negative) rating event 

and zero otherwise. The bulk of existing rating studies find that rating downgrades 

have more significant impact on market returns than upgrades (see for example, 

Brooks et al. (2004) and Creighton et al. (2007)). However, unlike the existing event 

studies in the literature, we attempt to capture the longer-term significance of DG and 

UG phases instead of events on stock and currency markets.       

Third, to identify the potential differential market reactions to outlook and 

rating changes, the following models are estimated: 

, 1 , 2 , 1 3 , 3 4i t i i t i t i t t t t t i tY event event CCR Outch I Ratch Iα β β β β β−= + + + + × + × +ε
 (6a) 
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, 1 , 2 , 1 3 , 4 5i t i i t i t i t t t t t i tY event event CCR Outch I AFC Ratch I AFC ,α β β β β β−= + + + + × × + × × +ε

,

 (6b) 

where Outcht is a dummy variable defined as one when there is a change in sovereign 

outlook or credit watch and zero otherwise and Ratcht is similarly defined for actual 

ratings changes. Both of these variables are then interacted with the DG/UG indicator 

variables and/or the AFC to compare the separate impacts of positive and negative 

outlook and actual rating events and their influence on financial market stability 

during financial crises. 

Fourth, to explore the behaviour of investment grade countries we estimate 

the following model specification:        

, 1 , 2 , 1 3 , 4 , 5 ,i t i i t i t i t i t i t t i tY Event Event CCR INV INV AFCα β β β β β−= + + + + + × +ε

,

 (7) 

Fifth, we test whether national attributes like the countries’ development 

status, legal origin, exchange rate regime and ASEAN (trade bloc) membership 

influences the impact that sovereign ratings have on stock and currency markets under 

crises conditions. We model the interactive effects of these country-level attributes 

during a financial crisis in the following specification: 

, 1 , 2 , 1 3 , 4i t i i t i t i t t M t i tY Event Event CCR AFC M AFC Eventα β β β β β−= + + + + + × × +∑ ε

           (8) 

where M is a matrix of four variables: Emerg which equals one for emerging market 

countries based on membership in the MSCI emerging stock market index (and zero 

otherwise); Leg_orig which equals one for common law countries based on the 

classification of La Porta et al. (1997, 1998) (and zero otherwise); Ex_reg which 

equals to one for countries with floating exchange rate systems based on the IMF’s 

annual report on exchange arrangement and exchange restrictions (and zero otherwise) 
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and Asean which equals to one for countries that are members of the Association for 

South Eastern Asian Nations (and zero otherwise). 

Finally, in the spirit of Gande and Parsley (2005) and Ferreira and Gama’s 

(2007) ratings spillover studies we also sequentially replace the national ratings Event 

variable for country j with all other countries’ rating events to determine the rating 

spillover effects from other sample countries’ stock and currency markets in the Asia-

pacific region. Hence, the following model specification was also estimated: 

, 1 , 2 , 1 3 , 4 , , , , ,j t i i t i t i t j t K j K j t j tY Event Event CCR CCR X j iα β β β β β ε−= + + + + + + ∀ ∉∑
(9) 

 
4. Findings 

4.1 Rating impacts on realized volatilities 

Tables 2 and 3 report estimates of the panel regression models in Eq. (4-8) 

for realized stock and currency market volatilities respectively. We find evidence that 

ratings events within a country have significant impacts on both stock and FX markets 

but the effects are less significant in the latter. As one would expect, realized volatility 

reacts inversely on the day of the rating event suggesting that financial markets in the 

Asia-Pacific are efficient in pricing ratings information. Moreover, consistent with 

rating impacts in other financial studies (Reisen and Von Maltzan (1999), Brooks et al. 

(2004), Gande and Parsely (2005), Ferreira and Gama (2007)) realized volatility in 

both stock and FX markets exhibits asymmetric responses in that the impact on 

realized volatility is positive and generally of a larger magnitude in phases following 

rating downgrades and is negative during upgrades. However, during the AFC both 

downgrade and upgrade phases worked to raise realized volatility in both stock and 

FX markets. This suggests that ratings news may be destabilizing for financial 

markets during periods of financial turmoil. The less significant reactions in FX 
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markets suggest that stock market participants may pay more attention to a country’s 

sovereign ratings guidance than currency market participants. This may be explained 

by exchange rates adjusting to changing macroeconomic fundamentals in a country 

(via announcements of macroeconomic news) before ratings guidance is actually 

updated by rating agencies.  

<insert Tables 2 and 3> 

Realized volatility in both stock and currency markets were significantly and 

positively affected by both the region specific Asian financial crisis (AFC) and global 

financial crises (GFC). As expected, the region specific crisis had a greater impact 

than generic global crises as evidenced by the larger magnitude of the AFC 

coefficient. Significant positive coefficients for the interaction between the AFC and 

downgrade and upgrade indicator variables show that realized volatilities were indeed 

significantly heightened during the AFC consistent with Chakrabarti and Roll’s (2002) 

finding of structural increases in stock market volatilities during the AFC.  

In comparing the impacts of upgrades and downgrades in outlook changes 

and actual rating changes (Eq. (6a,b)), we find that both upgrade outlook and rating 

changes significantly affect stock and FX market realized volatilities at the 5% level 

of significance in the expected direction but only downgrade outlook changes are 

significant for stock market stability and downgrade rating changes are significant for 

the FX market. This suggests that the more forward-looking and shorter-term types of 

ratings guidance in the form of outlooks and credit watches on sovereign obligors are 

perceived to have more informational value for stock market participants than 

permanent rating changes. This is possibly because rating changes (especially 

downgrades) are often already anticipated by market participants as they are usually 

preceded by negative outlooks and credit watches (Gande and Parsley (2004)). This 
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finding is consistent with both Larrain et al.’s (1997) earlier finding that sovereign 

ratings have a particularly significant announcement effect on debt spreads when 

countries are given a negative outlook and Kaminsky and Schmukler’s (2002) 

comparison of outlook and rating effects on debt spreads and stock market returns.  

During the AFC, there were heterogeneous impacts on realized volatility in 

stock and FX markets. In stock markets, all ratings news increased realized volatility 

except for rating downgrades. Again, this could be because rating downgrades are 

often already anticipated by stock market participants. However, in FX markets 

outlook changes dampen volatility whilst actual rating changes increase volatility 

regardless of the direction of change. This implies that FX market participants value 

actual rating changes more than outlook changes. 

Intuitively, we find that countries with investment grade ratings do have 

significantly lower realized volatilities in their stock and FX markets. However, these 

realized volatilities are still heightened during the financial crisis.  

Finally, we also find that national attributes play a significant role on both 

stock and FX market volatilities during financial crises. Consistent with the law and 

finance literature (eg. La Porta et al. (1997, 1998)), we find that common law 

countries have lower stock market volatilities during financial crises than civil law 

countries. According to Ergungor (2004), countries with English legal origin tend to 

be more adaptable to incomplete contracts and are more effective in resolving 

conflicts because the system is more flexible in interpreting the laws and creating new 

rules. As a result, the common law courts provide better creditor and investor 

protection than civil ones.  

We find that during financial crises, FX market stability is more sensitive to 

national market attributes than stock market stability. In addition, to legal origin, FX 
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realized volatilities are also lower in ASEAN members and countries with floating 

exchange rate regimes but higher in emerging markets.   

 
4.2 Rating impacts on realized stock-currency correlation  

Table 4 presents the panel estimation results for realized correlations across 

same country stock and currency market returns (Eq. 4-8). As can be seen, there is an 

insignificant relationship between generic rating events and cross-stock-FX 

correlations.  However, there are significant asymmetric impacts from outlook 

changes. Negative outlooks work to increase cross-asset correlations whilst positive 

outlooks reduce realized correlations at the 10% level of significance. This suggests 

that market participants in both asset markets heed a bad outlook regarding the 

country in the same manner but not so for good outlooks. A negative outlook signals a 

deterioration in the country’s future economic conditions and induces similar effects 

on its stock and currency markets. Consistent with the existing literature, outlook 

changes do have greater impacts on asset returns than actual rating changes. 

<insert Table 4> 

Interestingly, we also find that cross-asset market correlations within the 

Asia-Pacific region are not significantly different during financial crises. This country 

sample is different to those used by other studies finding strengthened relationships 

between stock and currency returns as a result of the AFC (for example, Kallberg et al. 

(2005), Phylaktis and Ravazzolo (2005) and Cumperayot et al. (2006) amongst others) 

and provides intraday evidence that cross-stock-FX market contagion does not 

necessarily increase during financial turmoil. Whilst Kaminsky and Schmukler (2002) 

conclude that sovereign ratings generate cross-country financial contagion, we find 

that rating impacts are no more pronounced on same country cross-asset market 
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comovements during periods of financial turmoil. This is a new finding for the current 

literatures on stock and currency market relations and rating impacts. 

For realized correlation estimations, we introduce a high volatility indicator 

variable (high_vol) to account for periods of high market volatility and the well-

documented ‘volatility in correlation effect’.  Forbes and Rigobon (2002) argue that 

high volatility naturally leads to high correlations in asset returns. Hence our high 

volatility indicator variable takes on a value of one on days when stock market 

volatility is greater than the median and zero otherwise. As expected, the estimated 

coefficient is positive in all estimations. 

Furthermore, we show that realized stock-FX correlations associated with 

investment grade ratings are lower during normal market conditions but the 

investment grade ratings did not significantly alter cross-asset market correlations 

during the AFC. We can interpret this finding as stock and currency market 

participants treating investment grade and junk countries in a similar fashion when a 

crisis hits.  

We find that cross-stock-FX market correlations are significantly related to 

national market attributes during financial crises. Legal origin is highly significant at 

the 1% level. In common law countries, cross-market correlations during a financial 

crisis are reduced suggesting that stock and currency markets are more stable in 

common law and civil law countries during periods of financial turmoil. Similarly, 

stock-FX correlations are also lower in emerging countries with floating exchange 

rate regimes and in ASEAN members. Based on above results, these national market 

attributes appear to be more influential on FX markets than stock markets and have 

the overall effect of stabilizing instabilities across stock and FX markets during 

financial crises. 
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4.3.  Rating spillover effects 

Table 5 presents the panel estimation results for Eq. (9). We find that within 

our sample, there were only rating spillover effects from Indonesia, the Philippines 

and Thailand to the other stock and FX markets in the Asia-pacific region.10 This is 

not surprising given that these Asian financial markets were the worst affected and 

experienced the most re-rating activity during the AFC. We find evidence that 

realized volatility in stock and FX markets were marginally responsive to rating 

spillover effects from these three countries. However, the market impact of ratings 

spillovers are economically and statistically less significant than the own country 

rating effects discussed above. These findings suggest that whilst the ratings events of 

advanced markets in the Asia-pacific are generally interpreted by market participants 

as country-specific news, there were common information spillovers from the more 

troubled economies into the other Asian markets. As the sovereign rating performance 

of the contagious countries declined, the perception of riskiness in other Asian 

markets also increased, leading to increase realized volatilities in stock and FX 

markets. The AFC also significantly heightened the rating spill over effects on 

realized volatilities of stock and currency markets and influenced cross-market 

correlations in other sample countries. This corroborates with Kaminsky and 

Schmukler’s (1999, 2002) finding that a country’s sovereign ratings news is one 

channel through which financial crises may spread. 

In line with the work of Ferreira and Gama (2007), national market attributes 

are also shown to have significant influences on the extent of rating spill over effects 

during financial crises.  In emerging markets, we find that rating events for Indonesia 

                                                 
10 As such, only rating spillover results from Indonesia, Philippines and Thailand are presented for 

brevity. 
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and the Philippines worked to heighten stock market volatilities in other pacific 

countries but not FX market volatilities. Rating events for the Philippines and 

Indonesia also increased cross-asset market correlations in other emerging markets. 

We find legal origin to have the greatest influence on rating spill overs during the 

AFC. In Common Law countries, Indonesia and Philippines’ rating events during the 

financial crisis also increased stock market instability in the group and rating events 

from Indonesia and Thailand unanimously exacerbated financial market volatilities in 

other common law countries’ FX markets as well. Yet, there is evidence in our rating 

spill over results to suggest that cross-market correlations remained lower in common 

law countries despite significant rating spillover events. In markets with floating 

exchange rate systems and membership in the ASEAN trade bloc, we find that rating 

spillovers from Indonesia and the Philippines served to dampen stock and FX market 

volatilities. However, rating events from Thailand had a clear destabilizing effect on 

other FX markets in these groupings. There were mixed and inconclusive effects on 

cross-market correlations from the rating spillovers.  

<insert Table 5> 

5. Conclusions 

We examine the effects of different sovereign rating announcements and its 

spillover effects on stock and currency markets in the Asia-Pacific region around the 

Asian Financial Crisis. We study the period from 1997-2001, using ratings history 

from Standard and Poors, the longest established ratings agency.  

We find that currency and stock markets react somewhat differently to 

ratings announcements with stock markets being statistically more responsive to 

rating news than currency markets. Changes on sovereign credit outlooks generally 

have more significant impact on realized volatilities than actual rating changes. We 
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find clear evidence that rating events have significant and asymmetric impacts on the 

second moments of both asset market returns during normal market conditions as 

downgrades (upgrades) increase (decrease) realized volatilities. Realized stock-FX 

correlations increase with downgrades and decline with upgrades and this asymmetry 

does not change during financial crises. The AFC served to increase the sensitivity of 

realized volatilities and correlations to different types of ratings information and the 

influence of national market attributes, thereby heightening financial market 

instability. Finally, there were marginal rating spillover effects from Indonesia, 

Philippines and Thailand on other markets’ realized measures.  More developed and 

stable financial markets are less inclined to impart rating spillover effects into other 

asset markets in the region. 

In a period where credit rating agencies are increasingly placed under the 

spotlight due to a new international banking regulatory framework and their failures 

to provide early warnings on financial crises, our findings are especially insightful. 

Our results provide clear evidence that rating announcements are heeded by market 

participants and consequently have significant impacts on financial market stability, 

albeit to differing extents across asset markets and in times of financial crises.  

In summary, we find new evidence that national sovereign rating events 

have significant impacts on the second moments of stock and currency returns. Future 

research into the impacts of credit ratings on international financial markets need to 

recognize and account for this to fully capture the true extent of rating influence on 

asset returns.  
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Table 1. Descriptive statistics  
 
 
 RV-stocks RV-FX RS-stocks RS-FX RC-stocks-FX 
AUS      
Mean 0.0600 0.0700 -0.11585 0.05689 0.01005 
Q(20) 268.86*** 876.27*** 19.609 28.207 26.307 
ADF -14.730*** -12.678*** -32.585*** -33.806*** -32.086*** 
HK      
Mean 0.2900 0.0001 -0.00459 -0.08671 -0.00419 
Q(20) 908.4*** 995.65*** 62.725 24.308 41.891** 
ADF -10.490*** -8.997*** -30.019*** -36.045*** -34.388*** 
IND      
Mean 0.3570 3.099 -0.20510 -0.07094 0.00139 
Q(20) 422.14*** 2352.86*** 107.44*** 25.463 35.141** 
ADF -11.002*** -3.491732*** -28.432*** -35.195*** -32.214*** 
JAP      
Mean 0.1800 0.0693 -0.01581 -0.04595 -0.05236 
Q(20) 698.87*** 1691.2*** 22.588 13.296 99.836*** 
ADF -9.718*** -7.444*** -33.522*** -37.050*** -16.577*** 
KOR      
Mean 0.6100 0.0100 -0.05852 0.06202 -0.07246 
Q(20) 1026.7*** 2969*** 108.33*** 34.282** 44.468*** 
ADF -9.228*** -4.923*** -27.406*** -31.357*** -33.813*** 
PHI      
Mean 0.2870 0.3400 0.05779 -0.09064 -0.03759 
Q(20) 268.67*** 1363.8*** 61.431*** 21.350 16.367 
ADF -14.319*** -6.221*** -28.447*** -35.818*** -35.633*** 
SGP      
Mean 0.2100 0.0311 0.02877 -0.02431 -0.00391 
Q(20) 500.31*** 2093.4*** 35.597** 29.086* 8.8943 
ADF -10.728*** -5.741*** -30.339*** -34.537*** -34.914*** 
TWI      
Mean 0.2780 0.0151 -0.11173 0.19630 -0.06338 
Q(20) 686.62*** 673.14*** 157.59*** 74.510*** 34.913** 
ADF -9.955*** -21.077*** -19.303*** -33.821*** -33.259*** 
THB      
Mean 0.3590 0.5900 0.09720 -0.05280 0.01061 
Q(20) 488.46*** 2171.9*** 56.452*** 36.542** 8.605 
ADF -13.082*** -5.973*** -30.259*** -26.692*** -33.413*** 
      
 
This table reports the average values for stock and currency market realized volatilities, skewness and 
cross-market correlations. The Q(20) statistics are for the Ljung-Box Q test for serial correlation up to 
20 lags. The ADF test is for the null hypothesis of a unit root and the critical value at the 1% level of 
significance is 3.44. *, ** and *** denote significance at the 10, 5 and 1% levels. 
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Table 2. Impact of different types of sovereign ratings on stock market realized 
volatility in financial crises 
 
STOCK VOL         
 (1) (2) (3) (4) (5) (6) (7) (8) 
Const 0.8903 

{0.2925} 
2.875*** 
{0.0001} 

1.607* 
{0.0561} 

1.021 
{0.2237} 

1.455* 
{0.0802} 

1.044 
{0.2124} 

1.203 
{0.1273} 

0.2888*** 
{0.0001} 

Event -1.262** 
{0.0255} 

-1.217** 
{0.0390} 

-1.138** 
{0.0461} 

-1.278** 
{0.0251} 

-1.273** 
{0.0224} 

-1.287** 
{0.0244} 

-1.226** 
{0.0308} 

-0.1108* 
{0.0554} 

Lag Event -0.6125 
{0.3149} 

-0.5667 
{0.3604} 

-0.488 
{0.4230} 

-0.6276 
{0.3038} 

-0.6230 
{0.3234} 

-0.6372 
{0.2970} 

-0.5755 
{0.3572} 

-0.0567 
{0.3602} 

CCR 0.1410** 
{0.0164} 

-0.0127 
{0.8024} 

0.1025* 
{0.0778} 

0.1270** 
{0.0287} 

0.1068* 
{0.0654} 

0.1255** 
{0.0303} 

0.1765*** 
{0.0041} 

-0.0014 
{0.7893} 

AFC  2.278*** 
{0.0000} 

     0.2270*** 
{0.0000} 

GFC  0.8845*** 
{0.0000} 

      

DG   1.482*** 
{0.0000} 

     

UG   -
0.4616*** 
{0.0024} 

     

DG×AFC    7.060*** 
{0.0000} 

    

UG×AFC    2.872*** 
{0.0000} 

    

Outch×DG     1.552*** 
{0.0000} 

   

Ratch×DG     -0.0806 
{0.7383} 

   

Outch×UG     -
1.085*** 
{0.0000} 

   

Ratch×UG     -
1.257*** 
{0.0000} 

   

Outch×DG×AFC      8.854*** 
{0.0000} 

  

Ratch×DG×AFC      -
6.685*** 
{0.0000} 

  

Outch×UG×AFC      1.783* 
{0.0905} 

  

Ratch×UG×AFC      1.938** 
{0.0196} 

  

INV       -1.473*** 
{0.0000} 

 

INV×AFC       2.076*** 
{0.0000} 

 

Emerg×AFC×Event        -0.4733 
{0.2166} 

Leg_orig×AFC×Event 
 

       -1.119*** 
{0.0000} 

Ex_reg×AFC×Event 
 

       -0.4733 
{0.2166} 

Asean×AFC×Event        -0.3816 
{0.3442} 

         
Adj. R-sq 0.0553 0.0695 0.0560 0.0605 0.0609 0.0610 0.0680 0.0695 
Nobs 10906 10906 10906 10906 10906 10906 10906 10906 
 
This table presents the panel estimation results for stock market realized volatilities over the sample 
7/1/1997 to 30/8/2001. Model specifications are based on Eq. (4-8). The crisis periods are from 
1/7/1997-30/1/1998 (AFC) and the GFC includes the sum of the Asian, Russian (1/8/1998-30/10/1998), 
Brazilian (1/2/1999-28/2/1999) and Turkish (1/2/2001-28/2/2001) financial crises. The AFC/GFC; 
UG/DG; outch/ratch and national market attribute coefficients shown are from separate regressions to 
avoid collinearity issues. *, ** and *** denote significance at the 10, 5 and 1% levels.  
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Table 3. Impact of different types of sovereign ratings on FX market realized 
volatility in financial crises 
 
FX VOL         
 (1) (2) (3) (4) (5) (6) (7) (8) 
Const -5.732*** 

{0.0000} 
-5.314*** 
{0.0000} 

-4.845*** 
{0.0000} 

-5.713*** 
{0.0000} 

-4.934*** 
{0.0000} 

-5.723*** 
{0.0000} 

-5.688*** 
{0.0000} 

-5.229*** 
{0.0000} 

Event -1.530* 
{0.0879} 

-1.520* 
{0.0898} 

-1.376 
{0.1236} 

-1.532* 
{0.0877} 

-1.469* 
{0.0982} 

-1.426* 
{0.0870} 

-1.523* 
{0.0883} 

-0.9881 
{0.1319} 

Lag Event -0.4718 
{0.1187} 

-0.4621 
{0.1225} 

-0.3183 
{0.2936} 

-0.4740 
{0.1173} 

-0.4108 
{0.1720} 

-0.3678 
{0.1235} 

-0.4653 
{0.1192} 

-0.4641 
{0.1219} 

CCR 0.4194*** 
{0.0000} 

0.3870*** 
{0.0000} 

0.3717*** 
{0.0000} 

0.4173*** 
{0.0000} 

0.3751*** 
{0.0000} 

0.4182*** 
{0.0000} 

0.4269*** 
{0.0000} 

0.3813*** 
{0.0000} 

AFC  0.4803*** 
{0.0018} 

     0.4469*** 
{0.0033} 

GFC  0.1939** 
{0.0123} 

      

DG   1.1859*** 
{0.0000} 

     

UG   -
0.5715*** 
{0.0000} 

     

DG×AFC    1.065** 
{0.0159} 

    

UG×AFC    0.4209*** 
{0.0013} 

    

Outch×DG     0.0369 
{0.8624} 

   

Ratch×DG     1.836*** 
{0.0000} 

   

Outch×UG     -1.148*** 
{0.0000} 

   

Ratch×UG     0.8182*** 
{0.0000} 

   

Outch×DG×AFC      -1.218*** 
{0.0045} 

  

Ratch×DG×AFC      6.493*** 
{0.0000} 

  

Outch×UG×AFC      -1.569*** 
{0.0000} 

  

Ratch×UG×AFC      1.242*** 
{0.0000} 

  

INV       -0.2686 
{0.3523} 

 

INV×AFC       0.3634** 
{0.0404} 

 

Emerg×AFC×Event        22.30* 
{0.0873} 

Leg_orig×AFC×Event 
 

       -40.06*** 
{0.0000} 

Ex_reg×AFC×Event 
 

       -23.25* 
{0.0837} 

Asean×AFC×Event        -24.33* 
{0.0731} 

         
Adj. R-sq 0.0907 0.0921 0.0934 0.0909 0.1019 0.0988 0.0915 0.1026 
Nobs 10906 10906 10906 10906 10906 10906 10906 10906 
 
This table presents the panel data results for FX market realized volatilities over the sample 7/1/1997 to 
30/8/2001. Model specifications are based on Eq. (4-8). The crisis periods are from 1/7/1997-30/1/1998 
(AFC); and the GFC includes the sum of the Asian, Russian (1/8/1998-30/10/1998), Brazilian 
(1/2/1999-28/2/1999) and Turkish (1/2/2001-28/2/2001) financial crises. The AFC/GFC; UG/DG; 
outch/ratch and national market attribute coefficients shown are from separate regressions to avoid 
collinearity issues. *, ** and *** denote significance at the 10, 5 and 1% levels.  
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Table 4. Incremental Impact of sovereign ratings on realized correlation between 
stock and currency markets 
 
 
 (1) (2) (3) (4) (5) (6) 
Const -0.0211 

{0.4876} 
-0.041619 
{0.2517} 

-0.0065 
{0.8256} 

-0.0069 
{0.8145} 

-0.0065 
{0.8256} 

-0.0064 
{0.8272} 

Event 0.0164 
{0.6870} 

-0.017335 
{0.6287} 

-0.0083 
{0.8190} 

-0.0116 
{0.7483} 

-0.0083 
{0.8190} 

-0.0069 
{0.8482} 

Lag Event 0.0295 
{0.2112} 

0.028495 
{0.2035} 

0.0281 
{0.2277} 

0.0281 
{0.2278} 

0.0281 
{0.2277} 

0.0281 
{0.2271} 

CCR -0.0002 
{0.9311} 

0.004205 
{0.1550} 

-0.0004 
{0.8388} 

-0.0004 
{0.8509} 

-0.0004 
{0.8388} 

-0.0004 
{0.8367} 

AFC 0.0056 
{0.5942}      

GFC 0.0048 
{0.4989}      

High_vol 
 

0.0211*** 
{0.0017} 

0.0205*** 
{0.0022} 

0.0205*** 
{0.0022} 

0.0205*** 
{0.0022} 

0.0205*** 
{0.0023} 

Outch×DG×Event 0.1042* 
{0.0906} 

    
 

Ratch×DG× Event 0.0881 
{0.2659} 

     

Outch×UG× Event -0.2750* 
{0.0659} 

     

Ratch×UG× Event -0.1242 
{0.1373} 

     

INV  -0.0469*** 
{0.0057} 

    

INV×AFC  0.0152 
{0.1751} 

    

Emerg×AFC×Event   -0.4128* 
{0.0516} 

   

Leg_orig×AFC×Event    -0.4591*** 
{0.0037} 

  

Ex_reg×AFC×Event     -0.4380* 
{0.0561} 

 

Asean×AFC×Event      -0.4875** 
{0.0117} 

       
Adj. R-sq 0.0050 0.0063 0.0058 0.0057 0.0058 0.0059 
Nobs 10906 10906 10906 10906 10906 10906 
       
 
This table presents the panel estimation results for cross-stock-FX market realized correlations over the 
sample 7/1/1997 to 30/8/2001. Model specifications are based on Eq. (4-8). The crisis periods are from 
1/7/1997-30/1/1998 (AFC) and the GFC includes the sum of the Asian, Russian (1/8/1998-30/10/1998), 
Brazilian (1/2/1999-28/2/1999) and Turkish (1/2/2001-28/2/2001) financial crises. *, ** and *** 
denote significance at the 10, 5 and 1% levels. 
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Table 5. Rating spill over effects in the Asia-Pacific 
 
 
Spill over from: Indonesia   Philippines   Thailand    
Dep. Variable RV-stocks RV-FX RC-stocks-FX RV-stocks RV-FX RC-stocks-FX RV-stocks RV-FX RC-stocks-FX  
           
Constant 4.2228*** 

{0.0001} 
-1.318*** 
{0.0000} 

-0.0848 
{0.1066} 

0.3833** 
{0.0336} 

-8.120*** 
{0.0000} 

0.2908*** 
{0.0056} 

6.014*** 
{0.0000} 

-3.628*** 
{0.0000} 

-0.0518 
{0.1941} 

 

Event_spill 0.0888 
{0.7219} 

-0.0149 
{0.2525} 

-0.0060 
{0.6322} 

-0.0905*** 
{0.0000} 

-0.5894*** 
{0.0000} 

-0.0600*** 
{0.0004} 

-0.2116 
{0.1986} 

-0.0767 
{0.3435} 

0.0929*** 
{0.0000} 

 

CCR_spill -0.0305 
{0.1515} 

0.0154*** 
{0.0000} 

-0.0009 
{0.4893} 

-0.0102 
{0.5133} 

0.2524*** 
{0.0013} 

-0.0298*** 
{0.0018} 

-0.4278*** 
{0.0000} 

-0.2381*** 
{0.0000} 

0.0024 
{0.4221} 

 

CCR_own -0.0898 
{0.1793} 

0.0839*** 
{0.0000} 

0.0039 
{0.2491} 

-0.0007 
{0.8939} 

0.3943*** 
{0.0000} 

-0.0013 
{0.5402} 

0.1001* 
{0.0663} 

0.4466*** 
{0.0000} 

-0.0003 
{0.9014} 

 

AFC 2.372*** 
{0.0000} 

0.3115*** 
{0.0000} 

0.0123 
{0.3703} 

0.2149*** 
{0.0000} 

0.2595 
{0.1673} 

0.0265** 
{0.0265} 

3.400*** 
{0.0000} 

1.075*** 
{0.0000} 

-0.0006 
{0.9662} 

 

AFC×Event 3.029*** 
{0.0000} 

0.3319*** 
{0.0000} 

-0.1025*** 
{0.0000} 

-0.9587*** 
{0.0000} 

1.035 
{0.1095} 

-0.1273*** 
{0.0059} 

-0.7867 
{0.8145} 

0.8087*** 
{0.0005} 

-0.1078 
{0.5730} 

 

Emerg×AFC× Ev_spill 0.7576*** 
{0.0000} 

-0.8859*** 
{0.0000} 

0.1545*** 
{0.0000} 

1.012*** 
{0.0000} 

-27.42*** 
{0.0000} 

0.3440*** 
{0.0000} 

0.3828 
{0.9330} 

2.421*** 
{0.0000} 

0.0004 
{0.9988} 

 

Leg_orig× AFC× Ev_spill 0.2626*** 
{0.0074} 

0.2705*** 
{0.0000} 

-0.0330*** 
{0.0000} 

0.9668*** 
{0.0000} 

-19.54*** 
{0.0000} 

1.766*** 
{0.0000} 

2.705 
{0.6365} 

1.919*** 
{0.0000} 

0.0258 
{0.6467} 

 

Ex_reg×AFC× Ev_spill -1.103*** 
{0.0000} 

-0.6672*** 
{0.0000} 

0.0934*** 
{0.0000} 
 

3.157*** 
{0.0000} 

-18.00*** 
{0.0000} 
 

0.1951*** 
{0.0000} 

5.782 
{0.4792} 

1.420*** 
{0.0000} 

-0.0473 
{0.8093} 

 

Asean× AFC× Ev_spill -1.458*** 
{0.0000} 

-1.435*** 
{0.0000} 

0.2401*** 
{0.0000} 

-1.373*** 
{0.0000} 

-38.17*** 
{0.0000} 

-0.6732*** 
{0.0000} 

2.992 
{0.4531} 

1.748*** 
{0.0000} 

0.3388*** 
{0.0013} 

 

           
Adj. R-sq 0.0831 0.0888 0.0047 0.0804 0.0918 0.0066 0.0804 0.0938 0.0042  
Nobs 9696 9696 9696 9704 9704 9704 9704 9704 9704  
 
This table presents the rating spill over effects from Indonesia, Philippines and Thailand to other sample countries’ stock and FX market volatilities and cross-stock-FX 
market correlations in the Asia-pacific region. The model specifications are based on Eq. (9). The AFC crisis period is from 1/7/1997-30/1/1998. *, ** and *** denote 
significance at the 10, 5 and 1% levels. 
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Appendix 
 
Table A.1. GMT Offsets and Stock Exchange Trading Times (Local and GMT) for all 
countries examined. 
 
 

Country GMT Offset Local Trading Hours GMT Trading Hours 
Australia +10 10:00-16:00 0:00-6:00 
 +11 (DST)  23:00-5:00 
Hong Kong +8 10:00-16:00 2:00-8:00 
Japan +9 9.00-15.00 0:00-6:00 
Indonesia +7 Monday to Thursday: 

Morning Session: 
09:30 - 12:00 

Afternoon Session: 
13:30 - 16:00 

Friday: 
Morning Session: 

09:30 - 12:00 
Afternoon Session: 

14:00 - 16:00 

Monday to Thursday: 
Morning Session:  

02:30 - 5:00 
Afternoon Session: 

6:30 - 9:00 
Friday: 

Morning Session:  
02:30 - 5:00 

Afternoon Session: 
7:00 - 9:00 

Philippines +8 9:30-12:00 1:30-4:00 
Singapore +8 9:00-17:00 1:00-9:00 
South Korea +9 9:00-15:15 0:00-6:15 
Taiwan +8 9:00-13:30 1:00-5:30 
Thailand +7 Morning Session: 

10:00-12:30  
Afternoon Session: 

14:30-16:30 

Morning Session: 
3:00-5:30  

Afternoon Session:  
7:30-9:30 
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Ownership Structure, Corporate Performance and Failure Using 

Panel Data Analysis: Evidence from Emerging Market 
 
 

 
 
 

Abstract: 

This study investigates the impact of ownership structure (mix and concentrate) on a company’s 

performance and failure in a panel estimation using 167 Jordanian companies during 1989-

2006. The empirical evidence in this paper shows that ownership structure and ownership 

concentration play an important role in the performance and value of Jordanian firms. It shows 

that inefficiency is related to ownership concentration and to institutional ownership. A negative 

correlation between ownership concentration and firm’s performance both, ROA and Tobin’s Q, 

is found, while there is a positive impact on firm performance MBVR. The research also found 

that there is a significant negative relationship between government ownership and a firm’s 

accounting performance, while the other ownership structure mixes have significant coefficients 

only in Tobin’s Q using the matched sample. Firm’s profitability ROA was negatively and 

significantly correlated with the fraction of institutional ownership, and positively and 

significantly related to the market performance measure, MBVR. The result is robust when 

indicators of both concentration and ownership mix are included in the regressions. The results 

of this study are, to some extent, inconsistent with previous findings. 

 

This paper also used ownership structure to predict the corporate failure. The results suggest 

that government ownership is negatively related to the likelihood of default. Government 

ownership decreases the likelihood of default, but has a negative impact on a firm’s 

performance. The results suggest that, in order to increase a firm’s performance and decrease 

the likelihood of default, it is reasonable to reduce government ownership to some extent. 

Furthermore, a certain degree of ownership concentration is needed to increase the firm’s 

performance and to decrease the firm’s chance of default.  

 
JEL Classification: G32 G33 
Keywords: Ownership Structure, Corporate Performance, Failure, Jordan 
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Ownership Structure, Corporate Performance and Failure Using 

Panel Data Analysis: Evidence from Emerging Market  
 

1.   Introduction 

 
The literature includes the hypotheses that ownership concentration may improve performance 

by decreasing monitoring costs (Shleifer and Vishny, 1986). The financial literature assumes 

that managers are imperfect agents for investors, as managers may attempt to pursue their own 

goals rather than shareholders’ wealth maximisation. Also, it has been stated that there may be a 

conflict of interest between shareholders and managers, as managers may have incentives which 

serve their own benefit rather than maximising shareholders wealth (Jensen and Meckling, 

1976). 

 

One approach that may control this conflict, suggested by Jensen and Meckling (1976), is to 

increase the equity ownership of managers in the firms, therefore encouraging managers to work 

more efficiently to maximise shareholders’ wealth and carry out less activities of self-interest 

(see Jensen and Meckling (1976); Fama and Jensen (1983); Shleifer and Vishny, (1986)). 

However, it may also work in the opposite direction, as large shareholders may use their control 

rights to achieve private benefits. 

 

The corporate governance mechanisms vary around the world which could affect the 

relationship between ownership structure and corporate performance (Shleifer and Vishny, 

1997). For example, in Europe and Japan, there is less reliance on elaborate legal protection, and 

more reliance on large investors while, in the US, firms rely on legal protection. So, due to the 

differences between US corporate governance and other systems, a different relationship 

between ownership and firm value could be expected. Also, recent studies of corporate 

governance suggest that geographical position, the tax system, industrial development, and 

cultural characteristics, along with other factors, affect ownership structure which in turn 

impacts on a firm’s performance and its failure (Pedersen and Thompson, 1997). Therefore, this 
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study is important as it provides evidence from the emerging markets and, more specifically, 

from Middle Eastern countries using Jordan as a case study2. 

 

Privatisation of publicly held shares is an ongoing program in Jordan. Managing state holdings 

in Jordanian listed companies has become a top government priority, with the government 

supporting the private sector to takeover and participate more in economic growth3. So, it could 

be anticipated that privatisation in Jordan would affect a firm’s performance and failure as it 

changed the ownership structure of firms. 

 

One of the main reasons for low performance and distress or bankruptcy might be bad 

management, which drives the firm out of the market as a consequence of unsolved problems in 

corporate governance. The inefficiency that might lead firms to default is as a result of the 

agency problem that could arise from a conflict of interest between managers and shareholders 

(see, for example, Jensen and Meckling (1976); Shleifer and Vishny (1997)). 

 

This paper investigates the effect of ownership structure on a firm’s performance and its failure 

in Jordan. In this paper I argue that if ownership structure variables are relevant to corporate 

performance, then they will have a significant effect in determining and predicting corporate 

failure. Therefore, they could be used to determine and predict corporate failure. To the best of 

the author’s knowledge, this is the first study that utilises real figures about ownership structure 

(mix and concentration) to investigate the effect of ownership structure on corporate 

performance for Jordanian companies. Furthermore, it could be considered as the first effort to 

utilise ownership structure variables (mix and concentration) to determine corporate failure as 

there is a lack of empirical evidence about the effect of ownership structure on corporate failure. 

 

It is worth noting that collecting the data on ownership structure (mix and concentration) for 

each firm and for each year over the period 1989-2006 constituted a large part of the research for 

this paper as the data were collected manually. This vast effort made this research possible. 

 

The remainder of this paper is organized as follows. Section 2 provides a descriptive discussion 

about ownership concentration and ownership mix for the Jordanian companies used in the 

                                                
2 For more details about the effect of corporate governance on the incentives for the private sector to invest, see Stone, Hurly and 
Khumani (1998). 
3 Privatisation is part of the overall economic package that the government has adopted since the economic adjustment program 
of the early nineties, and self-reliance in the aftermath of the economic crisis in 1989 that befell the country. 
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study. Section 3 introduces the estimation method. Section 4 introduces the empirical results and 

the hypotheses test. Section 5 concludes the paper. 

 

2.   Ownership Structure and Firm Performance: a Descriptive Discussion 

2.1   Ownership Structure (Mix) and Firm Performance 

 
Since the establishment of the ASE in the 1970s, the number of listed companies, trading 

volume, and total market capitalisation have increased drastically. Table 1 reports the ownership 

structure of listed companies by sectors4. Despite its privatisation program, the government still 

holds a large stake in Media, Utility and Energy, and Steel, Mining and Heavy Engineering 

companies (43.13%, 33.75 %, and 22.04 %, respectively) because they are considered strategic 

industries. Institutional ownership is very high in transportation, real estate, and trade and 

commercial services (44.79%, 43.99%, and 36.92%, respectively). Individual citizens as a group 

are the largest shareholder of Educational Services, Medical Pharmacies, Textiles and Clothing, 

and Construction and Engineering. The largest foreign ownership stakes are in Steel, Mining and 

Heavy Engineering, followed by Tobacco (16.05% and 13.41%, respectively); foreign 

ownership is also high in the Insurance sector. 

 
Table 2 presents the basic statistics of the ownership structure for defaulted and non-defaulted 

firms. The individual (citizen) owns an average of 51.42 percent of defaulted firms, a figure 

which is larger than 45.36 percent in non-defaulted firms. The fractions of government and 

foreigner ownership have their lowest median in the defaulted firms, 0.58 and 1.21 percent 

respectively, compared with 2.37 and 4.20 percent in non-defaulted firms for government and 

foreigner respectively. 

 
There are several notable differences. First of all, defaulted firms have a lower median of 

government ownership. Also, the median of institutional ownership is lower, as is the median of 

foreigner ownership. Table 2 suggests that Jordanian firms with government, institutional, and 

foreign ownership have a lower risk of failure (default) (in this analysis, we will concentrate on 

the joint factor of Arab and foreign ownership rather than taking each one separately as both of 

them are considered foreign owners). The next section discusses the characteristics of defaulted 

firms in terms of ownership concentration. 

 
 

                                                
4 The classification of these sectors is based on the Amman Stock Exchange (ASE) classification for firms based on their 
activities. The author got this classification from the ASE management. 
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Table 1: Ownership Structure by Sector*  

Sector No. of Firms Government Companies 

Citizen  

(Individual) Foreign 

Foods 

 

19 
 

10.67 
(21.25) 

29.08 
(19.91) 

47.83 
(26.50) 

8.79 
(16.76) 

Paper, Glass, and Packaging 

 

12 
 

7.58 
(13.15) 

23.72 
(12.29) 

54.80 
(19.92) 

11.22 
(10.03) 

Steel, Mining and Heavy Engineering 

 

20 
 

21.04 
(25.15) 

20.10 
(17.98) 

36.42 
(26.25) 

16.05 
(17.11) 

Medical Pharmacy  

 

11 
 

7.45 
(14.89) 

16.07 
(12.56) 

65.27 
(19.01) 

11.36 
(14.60) 

Chemical and Petroleum 

 

11 
 

2.78 
(3.76) 

25.22 
(13.09) 

51.63 
(16.06) 

12.06 
(21.27) 

Textiles and Clothing 

 

8 
 

14.95 
(12.81) 

19.37 
(14.93) 

59.31 
(21.54) 

3.17 
(4.24) 

Utilities and Energy 

 

11 
 

33.75 
(39.33) 

18.60 
(19.53) 

34.11 
(31.45) 

7.40 
(13.42) 

Tobacco 

 

3 
 

7.21 
(10.67) 

23.28 
(14.64) 

53.24 
(17.44) 

13.41 
(26.89) 

Construction and Engineering 

 

10 
 

8.06 
(12.61) 

23.82 
(10.14) 

56.83 
(19.45) 

10.20 
(9.43) 

Hotels and Tourism 

 

11 
 

18.02 
(28.36) 

32.87 
(22.65) 

34.71 
(24.41) 

10.89 
(17.54) 

Transportation 

 

10 
 

15.96 
(21.24) 

44.79 
(17.17) 

30.85 
(22.11) 

6.43 
(12.45) 

Real Estate 

 

10 
 

2.57 
(4.36) 

43.99 
(20.50) 

39.44 
(21.03) 

7.01 
(5.55) 

Media  

 

5 
 

43.13 
(20.22) 

18.62 
(13.19) 

33.21 
(14.40) 

0.60 
(0.74) 

Medical Services 

 

5 
 

0.00 
(0.00) 

21.39 
(33.25) 

56.19 
(37.24) 

12.58 
(19.59) 

Trade and Commercial Services and 

Rental, Communication 

15 
 

8.73 
(17.94) 

36.92 
(26.03) 

45.83 
(27.41) 

7.46 
(10.89) 

Educational Services 

 

3 
 

1.36 
(1.77) 

9.40 
(7.32) 

81.30 
(10.58) 

5.09 
(3.40) 

*Firms averages with standard deviations in parentheses. Calculated from ASE annual Reports 

 
 
Table 2: Ownership Concentration for Defaulted and Non-Defaulted Firms 

Non-Defaulted Firms (120) Defaulted Firms (47) 

 Mean  Median Std.Dev Maximum Minimum Mean  Median Std.Dev Maximum Minimum 

Government 13.88 2.37 22.83 100 0 10.17 0.58 19.18 96.48 0 

Companies 26.23 23.44 18.72 84.264 0 26.42 17.79 24.67 99 0 

Individual 

(Citizen) 45.36 46.73 25.59 98.776 0 51.42 53.94 27.05 99.87 0 

Foreign 9.93 4.20 14.04 99.017 0 7.54 1.21 14.62 81.02 0 

 
 

2.2   Ownership Concentration 

It was established in that the ownership structure in the ASE is highly concentrated (the median 

largest shareholder in Jordan is large by Anglo-American standards but within the range of those 
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in France and Spain, 20 and 34 percent respectively (see e.g. Becht and RÖell, 1999)5. Table 3 

sheds more light on the ownership concentration for Jordanian companies by sectors using five 

measures of ownership concentration across all firm-years6. The largest shareholder (C1) owns 

the highest percentage in the Hotel and Tourism sector and Media sector (35.29 percent and 

35.18 percent respectively). The largest shareholder C1 owns the lowest percentage in the 

Educational sector (7.83 percent). The data also reveals that there is a substantial variation 

across firms and sectors in ownership concentration. 

 
Table 3: Ownership Concentration by Sector*: Cumulative percentage of shares controlled by different 

types of shareholders 

Sector Definition C1 C2 C3 C5 HERF 

Sector1  

 
Foods 

 

27.77 

(1359.69) 
38.06 

(535.21) 
40.41 

(559.61) 
41.91 

(819.71) 
13.28 

(1599.66) 

sector2 

 
Paper, Glass, and Packaging 

 

18.53 

(14.53) 
25.38 

(20.35) 
27.09 

(21.36) 
28.24 

(22.55) 
7.11 

(11.03) 

Sector3 

 
Steel, Mining and Heavy Engineering 

 

28.05 
(18.72) 

37.43 
(24.90) 

41.95 
(27.95) 

44.57 
(29.85) 

14.09 
(12.95) 

Sector4 

 
Medical Pharmacy  

 

11.08 

(11.18) 
14.74 

(14.56) 
15.64 

(15.47) 
15.90 

(15.89) 
3.01 

(4.01) 

Sector5 

 
Chemical and Petroleum 

 

17.97 

(15.02) 
25.91 

(17.39) 
28.96 

(20.14) 
29.48 

(20.54) 
6.91 

(11.76) 

Sector6 

 
Textiles and Clothing 

 

15.83 

(10.05) 
24.38 

(14.27) 
29.89 

(17.96) 
32.08 

(20.35) 
5.39 

(4.91) 

Sector7 

 
Utilities and Energy 

 

34.22 

(31.53) 
41.89 

(37.34) 
43.21 

(37.06) 
43.49 

(37.36) 
23.22 

(31.01) 

Sector8 

 
Tobacco 

 

12.41 
(6.15) 

18.06 
(10.15) 

20.39 
(13.39) 

21.44 
(15.72) 

2.92 
(2.27) 

Sector9 

 
Construction and Engineering   

 

16.93 

(12.60) 
24.90 

(16.41) 
28.95 

(17.90) 
31.48 

(20.64) 
6.14 

(7.50) 

Sector10 

 
Hotels and Tourism 

 

35.29 

(24.47) 
40.91 

(25.98) 
43.11 

(26.38) 
45.24 

(27.09) 
19.66 

(22.79) 

Sector11 

 
Transportation 

 

24.01 

(16.18) 
37.20 

(19.95) 
45.92 

(22.58) 
53.59 

(26.24) 
12.49 

(13.79) 

Sector12 

 
Real Estate 

 

30.94 

(21.47) 
38.92 

(20.36) 
42.71 

(20.45) 
45.98 

(19.84) 
15.68 

(19.66) 

Sector13 

 
Media  

 

35.18 
(13.57) 

44.87 
(16.29) 

49.51 
(19.73) 

50.61 
(20.91) 

15.50 
(8.72) 

Sector14 

 
Medical Services 

 

21.18 

(30.85) 
23.20 

(30.55) 
23.57 

(30.59) 
23.57 

(30.59) 
13.89 

(32.93) 

Sector15 

 
Trade and Commercial Services 

 and Rental, Communication 

31.04 

(21.05) 
40.21 

(24.54) 
42.37 

(25.56) 
44.72 

(26.13) 
16.25 

(16.83) 

Sector16 

 
Educational Services 

 

7.83 

(9.45) 
11.28 

(13.60) 
11.71 

(14.49) 
11.71 

(14.49) 
1.93 

(2.90) 

Notes: *Firms averages with standard deviations in parentheses. Calculated from ASX Annual Reports; C1- percentage holding 
of largest shareholders, C2- combined percentage holdings of 2 largest shareholders, C3- combined percentage holdings of 3 
largest shareholders, C5- combined percentage holdings of 5 largest shareholders, and HERF-Herfindahl index of ownership 
concentration, the sum of squared percentage of shares controlled by the largest 5 shareholders. 

 

                                                
5 For more detail about the ownership concentration in the ASE, see Zeitun (2006). 
6 The results provided are for 167 firms and over the period of 1989 to 2006. These ownership concentration statistics were 
collected and computed by the author.  
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Given that the holding of the largest shareholder (C1) is so large, the other shareholders are 

small. As shown in Table 3, the cumulative percentage of ownership tapers rapidly7, and there is 

little difference between C3 and C5 in all sectors. The average of C3 is highest in the Media 

sector followed by the Transportation sector with 49.51 percent and 45.92 percent in each sector 

respectively.  

 

The Educational, Medical Pharmacy, Tobacco, and Paper, Glass, and Packaging sectors have the 

lowest ownership concentration in terms of the largest five shareholders (C5), compared with 

highest stake in Transportation, Media, and Trade, Commercial Services, Rental and 

Communication. The variation could relate to the capital required in these sectors, and also the 

importance of the sector; often there is high state ownership in sectors regarded as strategic. 

 

Table 4 presents the basic statistics of ownership concentration for defaulted and non-defaulted 

firms. Considering the median, the largest shareholder (C1) owns 20 percent in the defaulted 

firms, a figure which is larger than the 18.86 percent in the non-defaulted firms. The largest two 

shareholders (C2) own 29.09 percent in the defaulted firms, a figure which is only marginally 

larger than 28.60 percent in the non-defaulted firms. The other measures of concentration C3, 

C5, and HERF are all larger in defaulted than non-defaulted firms. The data also reveals that 

there is a substantial variation across firms in ownership concentration: despite the high average, 

the largest owner’s value varies between 0 and 100 percent. In this study, we used C5 and HERF 

indexes as indictors of ownership concentration to investigate whether ownership concentration 

increased the firm's performance and contributed to the firm's default. 

 

Table 4: Ownership Concentration for Defaulted and Non-Defaulted Firms 

Non-Defaulted Firms (120) Defaulted Firms (47) 

 Mean  Median Std.Dev Maximum Minimum Mean  Median Std.Dev Maximum Minimum 

C1 24.03 18.86 19.73 100 0 25.94 20.00 21.92 99 0 

C2 32.17 28.60 24.21 100 0 33.84 29.09 23.33 99 0 

C3 35.23 33.38 25.76 100 0 36.99 36.00 24.72 99 0 

C5 37.55 35.70 27.53 100 0 37.67 36.00 25.31 99 0 

HERF 11.62 5.46 16.18 100 0 13.10 6.56 19.04 98.01 0 

Notes: C1- percentage holding of largest shareholders, C2- combined percentage holdings of 2 largest shareholders, C3- 
combined percentage holdings of 3 largest shareholders, C5- combined percentage holdings of 5 largest shareholders, and 
HERF- Herfindahl index of ownership concentration 

 

                                                
7 The second largest shareholder (C2) does, in fact, tend to have a substantially smaller stake, although the largest (C1) still quite 
large compared with the second largest shareholder. 
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3.   Estimation Method 

3.1   Data 

The data used in this study is derived from publicly traded companies quoted on the Amman 

Stock Exchange (ASE), over the period 1989-2006. The data set contains detailed information 

about each enterprise. The major items of interest are: balance sheets, income statements, 

ownership structure, and the percentage holdings of all direct shareholders8. The full balance 

sheets and income statements are usually available from firms as the law requires disclosure.  

 

The ownership data was collected manually, as it is not available for all firms and for all years 

from the Amman Stock Exchange (ASE) reports. Collecting this data on ownership structure 

and concentration for each firm and for each year constituted a large part of the research for this 

thesis. This vast effort made this research possible, since the analysis uses real figures rather 

than dummy variables for ownership structure. Furthermore, the changes in real figures over 

years are more valuable, as they shed light on the effect of changes in ownership structure on 

both the firm’s health and failure. It is worth noting that the unavailability of data for the 

managerial ownership and ownership held by outside block holders prevented the researcher 

from further investigation for the effect of these variables. 

 

For data analysis, a clear and consistent definition of failure or default is required. While default 

is usually defined as a corporation not being able to meet its obligations on a due date, different 

researchers have used different criteria to define default. For example, Beaver (1968) used a 

wider definition of default, which includes default on a loan, an overdrawn bank account, and 

non-payment of a preferred stock dividend. Alternatively, default may be defined in a stricter 

legal sense as in Deakin (1972), who defined default to include only those firms which 

experienced bankruptcy or liquidation and faced legal action. In the case of Jordan, we define 

default as a firm that had a receiver or liquidator appointed, was delisted from the Amman Stock 

Exchange (ASE) in the period 1989 to 20069, or that stopped issuing financial statements for 

two years or more, since firms are obliged by law to submit their annual financial statements. 

The date of failure is the date the liquidator was appointed, or the date of delisting from the 

formal market10, or the date of the first failure to submit returns.  

 

                                                
8 The ownership concentration is defined as any owner possessing more than 5% and 10% of the company's shares. 
9 This definition is very similar to the one used by Izan (1984). 
10 According to Ohlson (1980), the timing issue is a crucial problem in data collection. It arises as firms’ financial statements are 
not always released to the public on a timely basis. 
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The first sample includes pooled cross-sectional and time-series data for 167 firms (47 defaulted 

and 120 non-defaulted) over the period 1989-2006. These firms ranged from old to newly 

established ones. The second sample is a matched sample which reduces the number of 

defaulted firms to 29 (from the 47) that meet our definition and requirement. Therefore, the 

initial sample in this study consisted of 59 industrial and services firms with 29 failed and 30 

non-failed firms. The non-failed sample was matched to the failed sample from the same 

industry and the same year of data collection. No financial companies such as banks or 

insurance firms are included, since the characteristics of these firms are substantially different to 

manufacturing and service firms (For more details about the companies used in this study, see 

Appendix 2). 

 

3.2   Variables Selection  

Four ratios to measure firms’ performance were calculated for both the panel data sample and 

matched sample, namely return on equity (ROE), return on assets (ROA), Tobin’s Q, and 

MBVR. Tobin’s Q and MBVR are used to measure the market performance of firms, while the 

ROE and ROA are employed as measures representing accounting performance measures. The 

explanatory variables are ownership fractions, concentration ratios, and other control variables.  

 

The measures of concentration are the cumulative percentage of shares held by the largest five 

shareholders (C5), and the Herfindahl index of ownership concentration (the sum of squared 

percentage of shares controlled by each top 5 shareholders). The ownership fraction (mix) is 

divided into the fraction owned by government (GOV), the fraction owned by the foreigner 

(FORG), the fraction owned by companies (INSTIT), and the fraction owned by individuals 

(CITIZEN). By controlling for both ownership concentration and mix, we hope to be able to 

distinguish which factors are more significant in poorly performing enterprises.  

 

Factors other than ownership structure may also affect a firm’s performance and health. To take 

them into account, we introduce a set of control variables. Dummy variables for industries are 

used to control the difference between sectors, DUMi, i= 1, 2,...,5, for Manufacturing, Trade, 

Steel and Mining, Utility, and Real Estate in the matched sample, and 16 industrial dummy 

variables in the panel data regressions (see Table 6-2 for sector definitions). Also, firm size 

(SIZE)11, firm’s age (AGE), capital structure variable (DEBT), which is defined as total debt to 

                                                
11 In the previous work, the value of total assets is used to control size effect (see e.g. Morck et al., 1988 and McConnell and 
Servaes, 1990). Other studies used sales to control for size (see e.g. Xu and Wang, 1997). The logarithm of total sales is used in 
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total assets (TDTA) or total debt to total equity (TDTE), long-term debt to total assets (LTDTA). 

Growth opportunity (GROW) is defined as growth in sales (GROW1), or net income to 

capitalisation (NICAP) 12.  

 

3.3   Empirical Model and Proxies Variables 

3.3.1   Ownership Structure and Firm Performance 

 
Let Y and CR represent performance and concentration ratio variables respectively. If ownership 

structure does not affect firm’s performance, it would be found that there is no correlation 

between Y and CR. Thus, the first hypothesis can be stated as follow: 

 

1H : Ownership concentration does not affect a firm’s performance.  

 
Equation (1) is estimated to test the first hypothesis using panel data and a random effects 
model13: 

0 1 2 3 4it it it it it itY SIZE DEBT GROW CRβ β β β β ε= + − + + +                                         (1) 

 
After testing the hypothesis of the irrelevance ownership concentration on firm performance, 

this study further addresses the effect of ownership structure on a firm’s performance by 

studying the effects of ownership mix on a firm's performance. If ownership mix is irrelevant, 

there will be no correlation between firm performance and firm value and ownership mix. Thus, 

to test the irrelevance of ownership mix on firm performance, the second hypothesis is stated as: 

 

2H : Ownership mix does not affect firm performance. 

 
If this hypothesis is rejected, the government ownership, GOV, is hypothesised to be negatively 

related to a firm’s performance as its main focus is social benefit rather than profit. It is 

hypothesised that firms with both foreign (FORG) and institutional (INSTIT) ownership will 

have a higher performance.  

 
Equation (2) is estimated to test the second hypothesis using the panel data model: 
 

0 1 2 3 4it it it it it itY SIZE DEBT GROW Fβ β β β β ε= + − + + +                                           (2) 

 

                                                                                                                                                       
this research. It has lower explanatory power than assets, and its inclusion in regressions of ROA and ROE makes the results not 
significant. 
12 The growth in total assets and the book value of total assets minus book value of equity plus market value of equity divided by 
book value of total assets are used in this study. However, while all the measures of growth are found to have a similar result, the 
growth in sales and NICAP are provide the best results regarding the model explanatory power. 
13 The random effect model is preferred more than the fixed effect model in this estimation as a dummy variable for industrial 
sectors is included in the analysis to control for the effect of the industrial sectors on corporate performance. 
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If ownership mix and concentration are relevant to firm performance, this study will investigate 

whether there is any effect of ownership concentration on the significance of ownership mix. 

This study explores the effect of both ownership concentration and mix on firm performance by 

estimating the following equation: 

 

0 1 2 3 4 5it it it it it it itY SIZE DEBT GROW CR Fβ β β β β β ε= + − + + + +                             (3) 

 
Finally the matched sample14 is used to test the irrelevance of ownership structure by estimating 

the following equation: 

 

0 1 2 3 4

5 6 7

Y SIZE AGE DEBT LTDTA

GROW CR F

β β β β β

β β β ε

= + + − + +

+ + +
                                              (4) 

 
where Y is alternatively ROA, ROE, Tobin’s Q, and MBVR for firm i as a measure of 

performance. The independent variables are represented by concentration ratio (CR), ownership 

fraction (F), SIZE, AGE, DEBT (TDTA15 or TDTE), LTDTA16, and GROW. Only C5 and the 

HERF are used as concentration ratios17 in the estimation to investigate the effect ownership 

concentrations on a firm’s performance. F is alternately GOV, FORG, INSTIT, and CITIZEN. 

ε  is a error term. The government ownership, GOV, is hypothesised to be negatively related to 

a firm’s performance, while both foreign (FORG) and institutional (INSTIT) ownership are 

hypothesised to have a positive impact on corporate performance. The next section will 

introduce the empirical model that investigates the impact of ownership structure on a firm’s 

likelihood of default. 

 
3.3.2   Ownership Structure and Corporate Failure 

To further examine the issue of ownership structure and its effect on a firm’s likelihood of 

default, a test estimating the likelihood of default was conducted using both mix and 

concentration ownership structure variables. Many studies used Logit models, such as Martin 

(1977), Ohlson (1980), Zavgren (1985), Johnsen and Melicher (1994), Lennox (1999), 

                                                
14  The purpose of including the matched sample model estimation is to provide evidence of how ownership structure could have 
an impact on defaulted and non-defaulted firms from the same industry and having the same year of data. Furthermore, the 
pooled data model is used in this study and is found to give better results than the panel data model. An example of this is the 
result from the matched sample. 
15 It is worth noting that I re-estimated these equations by introducing instrumental variables in order to investigate the 
endogeneity problem; however, the results remain almost the same without changing the estimated parameters significantly. In 
order to save space, these results are not reported in this research. 
16 The purpose of including the LTDTA and the DEBT ratios in the matched sample is to control for the effect of debt structure 
as this sample focused more on the defaulted and the non-defaulted firms, and as DEBT is defined in the matched sample as 
TDTE. 
17 It is worth noting that the ownership concentration C1, C2, and C3 are tried in this study, but C5 is found to have more 
predictive power. 
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Westgaard and Wijst (2001), and Ginoglou, Agorastos and Hatzigagios (2002), among others. 

The Logit model is formulated for Jordanian companies’ conditions, and contains two state 

dependent variables: state 1 for default firms, otherwise 0 for non-default.  

 

To investigate whether ownership concentration and mix contributes to a firm’s default, two 

hypotheses are developed. If ownership structure (mix and concentration) is irrelevant to default 

probability, the ownership concentration and fraction will produce an insignificant correlation 

between ownership structure and corporate failure. Thus, the two hypotheses can be stated as 

follows: 

 

3H : Ownership concentration does not affect a firm’s default.  

4H : Ownership mix does not affect firm default. 

 
The basic estimating equation for the matched sample is as follows: 
 

0 1 2 3 4 5 6*iY SIZE AGE TDTA NICAP CR Fβ β β β β β β ε= − − + − + + +                     (5) 

 

Equation (6) is estimated to test hypotheses three and four ( 3H  and 4H ) using panel data and the 

random effects model: 

 

0 1 2 3 4 5 6*it it it it it it it itY SIZE AGE TDTA NICAP CR Fβ β β β β β β ε= − − + − + + +           (6) 

 

where Y* represents the firm’s status with Y
it
=1 if firm i defaults at period t and  

it
y =0 

otherwise, CR represents ownership concentration ratios, C5 and HERF. F represents ownership 

fractions, GOV, FORG, and INSTIT. ε  is the stochastic disturbance term corresponding to the 

ith (estimated error).  

 

Government ownership, GOV, is hypothesised to be negatively related to a firm’s default, as 

their main focus is social benefit rather than profit. Priorities of government do not necessarily 

coincide with a firm's performance maximisation. For instance, the government may care more 

about unemployment or control over certain strategic industries than the value of state assets. 

So, the government will support distressed firms even until they default. Therefore, government 

ownership could affect a firm's performance negatively and, at the same time, decrease the 

likelihood of default. Institutional shareholders (INSTIT) are more profit-oriented and may have 

more incentive to monitor the firm. It is hypothesised that firms with institutional ownership, 
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INSTIT, will have a lower risk of failure as they monitor the firm more closely and their goal is 

profit maximisation. 

 

Foreign shareholders (FORG) are also more profit-oriented than government and may have 

more incentive to monitor the firm. It is hypothesised that firms with foreign ownership, FORG, 

will have a lower risk of default (failure). Furthermore, ownership concentration, C5, is expected 

to have a negative effect on the likelihood of default. Four control variables are used in this 

study: the firm’s size, the firm’s age, TDTA18, and the growth ratio NICAP. These variables are 

expected to contribute to a firm’s default. It is expected that firms with high debt ratio will have 

a high corporate failure and firms with a high profit ratio will have a lower corporate failure. 

Furthermore, it is argued that larger and older firms will have a lower corporate failure. 

 

4   Empirical Results 

The analysis of the results is presented here in separate subsections. It begins with an analysis of 

the effect of ownership structure on corporate performance, where ownership concentration and 

mix are used in the analysis. The analysis then moves to examining the effect of ownership 

structure (mix and concentration) on corporate failure. This includes an analysis of the statistical 

significance of each variable. The random-effects model is used to examine the effect of 

ownership structure and control for the effect of industrial sectors on corporate performance. 

 

4.1   Ownership Structure and Corporate Performance 

In order to explore the appropriateness of a random-effects model, a Breusch-Pagan Lagrange 

Multiplier test is conducted to determine the overall significance of these effects. According to 

the Breusch-Pagan test the null hypothesis is that random components are equal to zero. This 

test also provided support for the Generalized Least Squares (GLS) over a pooled Ordinary 

Least Squares (OLS) regression. In all models, the Breusch-Pagan Lagrange Multiplier test 

supported the use of the random-effects model. Also, the Hausman test failed to reject the null 

hypothesis of no difference between the coefficients of the random- and the fixed-effects 

models. For example, the 2Chi  (4) = 0.36, P=0.98 and 2Chi  (4) = 3.4, P=0.49 for Tobin’s Q 

and MBVR, respectively. Our model also contains time-invariant variables which cannot be 

estimated using the fixed-effects model. 

                                                
18 I re-estimated these equations by introducing instrumental variables in order to investigate the endogeneity problem; however, 
the results remain almost the same without changing the estimated parameters significantly. In order to save space, these results 
are not reported in this research. 
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The overall goodness of fit ( 2R ) for the random-effects model, using both ownership mix and 

concentration and industrial sector variables, is greater than the goodness of fit for the random-

effects model using only ownership concentration. A general test for serial autocorrelation in 

panel data has been conducted using the test developed by Wooldridge (2002) (see Drukker, 

2003). The null hypothesis is that there is no serial autocorrelation for the data examined. The 

hypothesis is strongly accepted as ((F1, 134) =0.847, P=0.3591). Therefore, our models do not 

have a serial autocorrelation. The overall significance of the models was tested using the Wald 

test, which has a Chi-square ( 2χ ) distribution under the null hypothesis that all the exogenous 

variables are equal to zero. For all models, the value of the 2χ  statistic is significant at least at 

the 1 % level of significance using ROA. 

 

The estimation results of Equation (1) are presented in Table 5 and Table 6 using the random-

effects model. Table 7 and Table 8 report the results for the estimation of Equation 2. To 

examine the robustness of our results, the model included dummy variables to control for 

industry effects, and the results are reported in Appendix 1. Appendix 2 and Appendix 3 report 

the result of the cross-sectional analysis for the matched sample to provide more evidence on the 

effect of ownership structure on corporate performance. The regression model using price per 

share to earnings per share, ROE19, is not significant and, hence, is not reported using the panel 

data analysis. 

 
 
4.1.1   Ownership Concentration Results 

From Hypothesis 1, the variables representing ownership concentration are expected not to have 

any significant impact on corporate performance. Two variables are used, C5 and HERF. From 

the regression results in Table 5, the variable C5 was found to have a negative and significant 

impact on ROA at the 10% level of significance, while it has a positive and significant impact 

on MBVR. The estimated coefficient of the HERF indicates that it does not have a significant 

impact on any measure of firm performance or value. Neither the HERF nor the C5 have any 

significant impact on Tobin’s Q (although the sign of the coefficient was positive in both 

equations). The result for Tobin’s Q and MBVR are more robust as proved by the R-square and 

Waled test. Hypothesis 1 is thus rejected as C5 is significantly different from zero in regressions 

of ROA and MBVR. As concentration is immensely different from industry to industry, this 

                                                
19 The only variable that is found to be significant is DEBT. 
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gives rise to the potential for industry effects of ownership concentration on a firm’s value (see 

Table 4). It can be argued that the effect of ownership concentration may be different from one 

industry to another (see Wei, Xie and Zhang, 2005).  

 

 
 
 
 

 

Table 5: Ownership Concentration and Firm’s Performance  

 SIZE DEBT GROW1 C5 HERF Constant 

Adj. 
2R  

Wald 

test 

Breusch 

and Pagan 

ROA 

 
0.0595 

(6.10)*** 
-0.1606 

(-10.87)*** 
0.0007 
(2.39)** 

-0.0310 
(-1.91)* 

 
 

-0.3418 
(-5.10)*** 0.1978 

152.85 
(0.00)*** 

337.65 
(0.00)*** 

ROA 

 
0.0557 

(5.70)*** 
-0.1600 

(-10.84)*** 
0.0007 
(2.40)**  

0.0151 
(0.58) 

-0.3292 
(-4.89)*** 0.1944 

149.89 
(0.00)*** 

333.57 
(0.00)*** 

Tobin’s 

Q 
-0.6661 
(-0.5) 

-2.1318 
(-0.95) 

-0.00992 
(-0.18) 

-2.92159 
(-1.13)  

8.633798 
(0.93) 

0.0036 
 

2.82 
(0.7280) 

 

28.22 
(0.00) 

 

Tobin’s 

Q  
-0.756 
(-0.56) 

-2.0572 
(-0.92) 

-0.01016 
(-0.19)  

-2.0744 
(-0.48) 

8.358025 
(0.9) 

0.0024 
 

1.63 
(0.8026) 

 

28.08 
(0.00) 

 

MBVR 

 
0.3688 

(2.49)*** 
-0.3089 
(-1.18) 

-0.00708 
(-0.38) 

0.41736 
(1.64)*  

-1.06873 
(-1.05) 

0.0266 
 

26.20 
(0.00) 

 

324.75 
(0.00) 

 

MBVR 

 
0.3872 

(2.62)*** 
-0.3284 
(-1.25) 

-0.00817 
(-0.44)  

0.39192 
(0.90) 

-1.07434 
(-1.06) 

0.0156 
 

9.06 
(0.06) 

 

314.63 
(0.00) 

 

Note: ***, **, * indicate significant at a 1%, 5%, and 10% level, respectively. t statistics are in parentheses.  

 
To control for potential industry effects, 15 industrial dummy variables20 were taken and 

Equation (1) was re-estimated. The results, reported in Table 6, almost changed the significance 

of C5. The largest five shareholders, C5, became insignificant in ROA, while the significance of 

C5 increased in MBVR. Furthermore, of the 15 industrial dummy variables, only that for sector 

8 was found to have a positive impact on a firm’s performance ROA. Also, all the coefficients of 

the industrial variables were found to have a negative and significant impact on a firm’s value 

measured by Tobin’s Q. It should be noted that the significance of these industrial sectors may 

imply presence of industry sector. 

 

Table 6: Ownership Concentration and Firm’s Performance Including Industrial Dummy Variables 

 ROA ROA Tobin’s Q Tobin’s Q MBVR MBVR 

Constant 

 

-0.4095 
(-4.72)*** 

-0.3874 
(-4.47)*** 

87.2243 
(9.9)*** 

87.4586 
(9.89)*** 

-2.0809 
(-1.52) 

-2.1917 
(-1.59) 

SIZE 

 

0.0606 
(5.6)*** 

0.0564 
(5.23)*** 

-0.5307 
(-0.52) 

-0.5939 
(-0.58) 

0.4176 
(2.53)** 

0.4469 
(2.72)*** 

DEBT 

 

-0.1615 
(-10.61)*** 

-0.1609 
(-10.58)*** 

-0.6956 
(-0.38) 

-0.7273 
(-0.39) 

-0.3586 
(-1.35) 

-0.3685 
(-1.38) 

GROW1 

 

0.0007 
(2.43)** 

0.0008 
(2.46)** 

-0.0476 
(-0.93) 

-0.0476 
(-0.93) 

-0.0016 
(-0.08) 

-0.0027 
(-0.15) 

C5 

 

-0.0271 
(-1.62)  

-0.8105 
(-0.39)  

0.4740 
(1.78)*  

                                                
20 The analysis included 16 dummy variables but one dummy variable (sector 16) is dropped due to collinearity. 
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HERF 

  
0.0299 
(1.1)  

0.2707 
(0.08)  

0.4401 
(0.98) 

No. of Observation 1265 1265 1163 1163 1113 1113 
Wald  test  

 

166.21 
(0.00)*** 

164.99 
(0.00)*** 

229.39 
(0.00)*** 

228.98 
(0.00)*** 

33.09 
(0.0234)** 

30.93 
(0.0411)** 

R-square 0.2184 0.2155 0.1876 0.1876 0.0952 0.0936 
Breusch and Pagan 

test 

238.16 
(0.00)*** 

238.27 
(0.00)*** 

16.97 
(0.00)*** 

17.03 
(0.00)*** 

128.17 
(0.00)*** 

126.14 
(0.00)*** 

Note: ***, **, * indicate significant at a 1%, 5%, and 10% level, respectively. t statistics are in parentheses. Statistical 
significance t-statistics are determined with White (1980) standard errors to correct for heteroskedasticity. Industrial dummy 
variables are included in the regression. 

 
The significant impact of concentration ratios on MBVR supports the Shleifer and Vishny 

hypothesis (1986) that large shareholders may reduce the problem of small investors and, hence, 

increase the firm’s performance. The finding of a positive and significant relationship between 

ownership concentration and corporate performance is consistent with prior research based on 

advanced capital markets including Hill and Snell (1988, 1989), Kaplan and Minton (1994), and 

Morck, Nakamura and Shivdasani (2000), among others. 

 

However, this finding is inconsistent with the result of Wu and Cui (2002) that there is a positive 

relationship between ownership concentration and accounting profits (indicated by ROA), but 

consistent with the result of Leech and Leahy (1991) and Mudambi and Nicosia (1998). The 

insignificant results for concentration variables in the Tobin’s Q equation could suggest that the 

Jordanian equity market is inefficient (or there could be other factors that affect the market 

performance measure, which were missed in our models). These results are consistent with 

Abdel Shahid (2003), that ROA is the most important factor used by investors rather than the 

market measure of performance. 

 

 

4.1.2   Ownership Mix and Corporate Performance 

 

This section presents the results of ownership mix. The hypothesis is that if ownership mix is 

irrelevant to firm performance (Hypothesis 2), then the ownership fractions will be expected to 

be insignificant in Equation 2. Hypothesis 2 is rejected decisively as GOV, INSTIT and 

CITIZEN are significantly different from zero in regressions of ROA and Tobin’s Q. The results 

of the panel regression are reported in Table 7. The results in Table 7 indicate that the fraction of 

equity owned by government, GOV, has a positive coefficient in ROA performance equations, 

and it is statistically significant at the 10% level. However, GOV is found to have a negative but 

insignificant impact on both Tobin’s Q and MBVR. The fraction owned by institutions, INSIT, 

has a negative coefficient on both ROA and Tobin’s Q measure of performance, and these 

677



 19 

coefficients are highly significant. The fraction of equity owned by foreign shareholders, FORG, 

does not seem to have any significant impact on the profitability of firms as measured by ROA, 

Tobin’s Q, and MBR.  

 

 

 

 

 

 

Table 7: Ownership Structure and Firm’s Performance 

 SIZE DEBT 

GROW

1 GOV INSTIT CITIZEN FORG Constant Wal test 

Adju 
2

R  

ROA 

 

0.0541 
(5.53)*** 

-0.1622 
(-10.9)*** 

0.0007 
(2.4)** 

0.0410 
(1.66)*    

-0.3211 
(-4.75)*** 

150.84 
(0.00)*** 0.19 

ROA 

 

0.0619 
(6.3)*** 

-0.1675 
(-11.14)*** 

0.0007 
(2.38)**  

-0.0447 
(-2.04)**   

-0.3557 
(-5.22)*** 

158.7 
(0.00)*** 0.20 

ROA 

 

0.0612 
(6.19)*** 

-0.1594 
(-10.81)*** 

0.0007 
(2.41)**   

0.0379 
(1.84)*  

-0.3830 
(-5.34)*** 

153.93 
(0.00)*** 0.20 

ROA 

 

0.0554 
(5.7)*** 

-0.1591 
(-10.75)*** 

0.0007 
(2.42)**    

0.0320 
(1.1) 

-0.3289 
(-4.89)*** 

149.35 
(0.00)*** 

0.19 
 

Tobin’s Q 

 

-0.7927 
(-0.58) 

-2.0466 
(-0.9) 

-0.0104 
(-0.19) 

-0.6047 
(-0.17)    

8.4473 
(0.89) 

1.42 
(0.84) 0.002 

Tobin’s Q  

 

-1.0316 
(-0.75) 

-2.8212 
(-1.24) 

-0.0145 
(-0.27)  

-10.012 
(-2.95)***   

13.0078 
(1.35) 

10.11 
(0.034)* 0.0052 

Tobin’s Q 

 

-2.4531 
(-1.75)* 

-2.6991 
(-1.2) 

-0.0070 
(-0.13)   

-12.7624 
(-4.14)***  

26.0185 
(2.54)** 

18.51 
(0.00)*** 0.0107 

Tobin’s Q  

 

-0.6041 
(-0.44) 

-2.2295 
(-0.99) 

-0.0112 
(-0.21)    

-4.8781 
(-1.06) 

7.6135 
(0.81) 

2.52 
(0.6410) 0.0025 

MBVR 

 

0.4026 
(2.7)*** 

-0.3236 
(-1.23) 

-0.0090 
(-0.49) 

-0.0164 
(-0.04)    

-1.1322 
(-1.11) 

8.34 
(0.08)* 0.0135 

MBVR 

 

0.3603 
(2.38)** 

-0.3161 
(-1.21) 

-0.0088 
(-0.48)   

-0.2877 
(-0.92)  

-0.7090 
(-0.65) 

9.06 
(0.06)* 0.0166 

MBVR 

 

0.3728 
(2.48)** 

-0.2427 
(-0.91) 

-0.0070 
(-0.38)  

0.5036 
(1.51)   

-1.0919 
(-1.05) 

9.23 
(0.06)* 0.0184 

MBVR 

 

0.4189 
(2.8)*** 

-0.3343 
(-1.27) 

-0.0101 
(-0.55)    

-0.3280 
(-0.75) 

-1.2091 
(-1.18) 

8.89 
(0.06)* 

0.0157 
 

Note: ***, **, * indicate significant at a 1%, 5%, and 10% level, respectively. Statistical significance t-statistics is determined 
with White (1980) standard errors to correct for heteroskedasticity.  
 

 
However, the significance of the ownership structure (Mix) variables changed as 15 industrial 

dummy variables were included in the model to control for potential industry effects (see Table 

8). The significance of both government ownership (GOV) and institutional ownership 

(INSTIT) increased, while individual citizen ownership (CITIZEN) becomes insignificant. Also, 

foreign ownership, FORG, becomes significantly negatively related to firm value, as proxied by 

Tobin’s Q. This finding is inconsistent with the previous finding of Wei, Xie, and Zhang (2005). 

This result indicates that foreign investors negatively influence management of the firm. The 

sign of the institutional ownership in MBVR is changed and becomes significant. The changes 

indicate that the effect of the same proportion of state, institutional, or foreign ownership could 

be different in one industry from others.  

 

The estimation of Equation (3) that investigates the effects of both ownership concentration and 

mix on corporate performance and value is reported in Appendix 1. The indicator of 
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concentration C5 is included and it shows a negative and significant effect on ROA, and Tobin’s 

Q, while it has a positive effect on MBVR. The impact of ownership mix did not go away. 

Instead, the government (GOV), institutional (INSTIT), and foreign (FORG) ownership become 

stronger in ROA regression. The fraction of government ownership shares (GOV) has a positive 

coefficient in the two regressions, ROA and Tobin’s Q, but has a significant impact in all ROA 

regressions. The fraction of institutional shares (INSTIT) is found to have a negative and 

significant impact on both ROA and Tobin’s Q, while institutional ownership is found to have a 

positive and significant impact on MBVR regressions. The fraction owned by the foreigners 

(FORG) is found to have a negative and significant impact in all Tobin’s Q regressions, while it 

has a positive, but insignificant, impact in all ROA regressions. 

 
Table 8: Ownership Structure and Firm’s Performance Including Industrial Dummy Variables 

 ROA 
Constant 

 

-0.3854 
(-4.45)*** 

-0.4447 
(-5.11)*** 

-0.4364 
(-4.84)*** 

-0.3950 
(-4.56)*** 

SIZE 

 

0.0562 
(5.25)*** 

0.0665 
 (6.09) 

0.0618 
(5.63)*** 

0.0564 
(5.24) 

DEBT 

 

-0.1633 
(-10.71)*** 

-0.1692 
-(10.98)*** 

-0.1607 
(-10.57)*** 

-0.1605 
(-10.54)*** 

GROW1 

 

0.0007 
(2.45)** 

0.0007 
(2.42)** 

0.0007 
(2.44)** 

0.0008 
(2.47)** 

GOV 

 

0.0552 
(2.14)**    

INSTIT 
  

-0.0470 
(-2.07)**   

CITIZEN 

   
0.0313 
(1.46)  

FORG 

 

 
   

0.0343 
(1.16) 

No. of Observation 1263 1263 1263 1263 
Wald test 

 

168.40 
(0.00)*** 

177.02 
(0.00)*** 

166.83 
(0.00)*** 

164.46 
 (0.00)*** 

R-square 0.2134 0.23 0.22 0.21 
Breusch and Pagan 

test 

241.33 
(0.00)*** 

224.57 
(0.00)*** 

241.83 
0.00)*** 

223.05 
(0.00)*** 

 Tobin’s Q MBVR 

Constant 

 

87.6015 
(9.68)*** 

88.2722 
(9.65)*** 

95.9267 
(9.95) *** 

85.9313 
(9.79)*** 

-2.34069 
(-1.7)* 

-2.0455 
(-1.49) 

-1.7423 
(-1.24) 

-2.3026 
(-1.67)* 

SIZE 

 

-0.6523 
(-0.61) 

-0.6286 
(-0.58) 

-1.6544 
(-1.47) 

-0.1285 
(-0.12) 

0.4706 
(2.85)*** 

0.4076 
(2.45)** 

0.3985 
(2.38)** 

0.4754 
(2.87)*** 

DEBT 

 

-0.7732 
(-0.41) 

-0.9421 
(-0.5) 

-1.2407 
(-0.66) 

-0.8736 
(-0.47) 

-0.3354 
(-1.25) 

-0.2728 
(-1.01) 

-0.3568 
(-1.35) 

-0.3609 
(-1.35) 

GROW1 

 

-0.0469 
(-0.91) 

-0.0511 
(-0.99) 

-0.0394 
(-0.77) 

-0.0488 
(-0.95) 

-0.0037 
(-0.2) 

-0.0006 
(-0.030) 

-0.0028 
(-0.15) 

-0.0046 
(-0.24) 

GOV 

 

0.6459 
(0.24)    

-0.2098 
(-0.53)    

INSTIT 

  
-4.6848 
(-1.65)*    

0.7090 
(2.05)**   

CITIZEN 

   
-6.9564 
(-2.79)***    

-0.3898 
(-1.2)  

FORG 

    
-7.3521 
(-2.03)**    

-0.2539 
(-0.57) 

No. of Observation 1163 1163 1163 1163 1113 1113 1113 1113 
Wald test 

 

223.69 
(0.00)*** 

225.31 
(0.00)*** 

222.99 
(0.00)*** 

235.87 
(0.00)*** 

30.25 
(0.05)** 

33.55 
(0.02)** 

33.06 
(0.02)** 

30.28 
(0.04)** 

R-square 0.19 0.19 0.1917 0.19 0.0906 0.1035 0.0987 0.0929 

Breusch and Pagan 

test 

16.97 
(0.00)*** 

15.61 
(0.00)*** 

14.60 
(0.00)*** 

16.67 
(0.00)*** 

126.73 
(0.00)*** 

117.55 
(0.00)*** 

121.68 
(0.00)*** 

125.51 
(0.00)*** 
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Note:  ***, **, * indicate significant at a 1%, 5%, and 10% level, respectively. Statistical significance t-statistics is determined 
with White (1980) standard errors to correct for heteroskedasticity. Industrial dummy variables are included in the regression. 

 
 

We further investigate the effect of ownership structure on corporate performance using a cross-

sectional analysis for a matched sample of defaulted and non-defaulted firms. The results of 

pooled regressions for the matched sample of defaulted and non-defaulted firms (Equation 4) are 

reported in Appendix 2 and Appendix 3. The results show that ownership concentration has a 

positive and significant impact on both ROE and ROA, but neither the HERF nor the C5 have 

any explanatory power for both Tobin’s Q and MBVR (although the sign of the coefficient was 

positive in both equations). The fraction of equity owned by government, GOV, has a negative 

coefficient in ROE performance equations, and it is statistically significant at the 10% level. The 

FORG also has a negative coefficient in both ROE and ROA measure of performance, but none 

of these coefficients are significant.  

 

The fraction of equity owned by institution shareholders (INSTIT) does not seem to have any 

significant impact on the profitability of firms as measured by ROE, ROA, Tobin’s Q, and 

MBVR. However, we would argue that the explanatory power for both ROE and ROA 

regressions is fairly high with the adjusted R-squared value ranging from 50 to 73 percent, while 

the adjusted R-squared is merely 5 to 15 percent for both MBVR and Tobin’s Q equations. 

Furthermore, the F statistics are significant and very high for the two measures of performance, 

ROE and ROA, but very low though still significant for Tobin’s Q. In all of the regression, five 

industrial dummy variables were included as control variables and their coefficients were not 

significant at any level of significance. The results from the cross-sectional regression confirm 

our finding that ownership structure (mix and concentration) has a significant effect on corporate 

performance. 

 

In all regressions, the controlling variable firm’s size (SIZE) has a positive impact on the firm’s 

performance measures, ROA and MBVR, and they are significant, at least at a 1% and 5% level, 

in both ROA and MBVR, respectively. The controlling variable growth, GROW, has a positive 

and significant impact on firm performance measure ROA only. The controlling variable for 

capital structure, DEBT, is found to have a negative and significant impact on ROA and ROE, 

while DEBT does not have any significant impact on Tobin’s Q and MBVR. There are some 

conflicting results regarding the coefficient’s sign between ROA, Tobin’s Q and MBVR 

equations indicating that ownership structure (mix and concentration) affects corporate 

performance measures differently. 
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The findings of a significant impact of ownership structure (mix) on corporate performance and 

value are consistent with prior research including Agrawal and Mandelker (1990), Xu and Wang 

(1997), Miguel and Pindado (2001), Lizal (2002), Abed Shahid (2003), Wei, Xie, and Zhang 

(2005), among others. Therefore, the results provide support for Shleifer and Vishny (1986) and 

for the agency theory (Jensen and Meckling, 1976). 

4.2   Ownership Structure and Corporate Failure 

 
The estimation results of Equation (5) for the matched sample of defaulted and non defaulted 

firms using Logit estimation are presented in Table 9. The fraction of equity owned by 

government, GOV, is found to have a negative coefficient on the likelihood of default, and it is 

statistically significant at a 5% level of significance in Table 9 panel A. The variable GOV is 

found to have a negative but statistically insignificant coefficient using the panel data (Equation 

6) in Table 9 panel B. This indicates that government ownership decreases the likelihood of 

default as the government has objectives other than profit. This result is consistent with other 

studies, such as Lizal (2002), who finds that government ownership reduces corporate failure. 

The fraction of foreign owned equity, FORG, has a positive but insignificant coefficient. The 

fraction of equity owned by institution shareholders, INSTIT, does not seem to have any 

significant impact on the likelihood of default, while the coefficient of the institutional 

ownership is negative. 

 

From the results of the estimation in Table 9 panel A, we find that the ownership concentration 

measure C5 has a positive and significant impact on the likelihood of default, and the effect is 

statistically significant at the 5% level in Models 1 and 3. In Model 2, we find that the 

ownership concentration C5 is not significant in combination with the fraction of foreign 

owners, but it still has a negative effect on corporate failure. Our finding also supports the 

findings in the previous section that ownership concentration affects corporate performance and 

participates in corporate failure. This finding can be explained by the fact that only a few firms 

are family-controlled in Jordan as supported by Al-Malkawi (2005). Therefore, the managers 

(insiders) may have incentives to pursue activities for their own benefits. The agency conflict 

between insiders (mangers) and outsiders (shareholders) results in the managers’ tendency to 

appropriate perquisites out of the firm’s resources for their own benefit which leads to corporate 

failure. 
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The estimated coefficient of the HERF is not significant using the matched sample data. 

However, HERF is found to have a positive and significant impact on Jordanian corporate 

failure using the pooled cross-sectional and time-series data. The impact of ownership mix with 

ownership concentration measure HERF does not affect the significance of government 

ownership GOV. Government ownership is still significant at the 5% level in the matched 

sample. Neither FORG nor INSTIT has any significant impact on the likelihood of default in 

both panels. Controlling variables such as the firm’s size, SIZE, and the firm’s age, AGE, do not 

have any explanatory power in predicting the corporate failure in panel A, while both SIZE and 

AGE are found to decrease the likelihood of default for Jordanian companies. The firm’s 

growth, NICAP, has a significant effect on the likelihood of default in both estimations. This 

result is consistent with the theory that firms with high growth rates have a low risk of default. 

The results also provide support for agency theory. 

 
Table 9: Ownerships Concentration and Mix and Firm’s Likelihood of Default using The Logit Model 
_________________________________________________________________________________________________________________ 

Panel A: Using Cross-Sectional data 
_________________________________________________________________________________________________________________ 
          Constant       SIZE      AGE      TDTA       NICAP     C5     HERF    GOV     FRGO    INSTIT      Pseudo ( 2R )   Wald test      P-value 

_________________________________________________________________________________________________________________ 
Model 1   5.02       -1.23       -0.58      5.26       -14.96      5.00                 -7.76                                              0.60            49.20               0.00 
                (0.70)    (-1.08)    (-0.37)    (1.70)c   (-2.28)b   (2.34)b           (-2.43)b 
 
Model 2   9.12       -1.55       -1.65       3.71        -8.43       2.43                                 0.58                               0.49            40.32               0.00 
               (1.31)     (-1.46)     (-1.20)    (1.53)     (-1.94)b   (1.59)                              (0.24) 
 
Model 3    9.72     -1.61        -1.62        3.65      - 8.26       2.57                                             -0.58                 0.49            40.41                0.00 
                (1.36)    (-1.49)     (-1.20)    (1.50)     (-1.93)b  (1.64)c                                         (-0.38) 
 
Model 4     7.43    -1.40        -0.54        5.11        -9.99                    5.38        -5.93                                        0.56             45.47               0.00 
                 (1.04)   (1.26)      (-0.36)     (1.71)c   (-2.07)b              (1.49)      (-2.27)b 
 
Model 5   9.79   - 1.56         -1.52         3.70       - 7.16                   1.96                    0.86                              0.47            38.74                0.00 
                (1.41)   (-1.50)      (-1.14)     (1.57)      (-1.83)c              (1.07)                 (0.36) 
 
Model 6   10.69   -1.66        - 1.50        3.67      - 6.85                     2.32                              -0.77                   0.48           38.83                0.00 
                (1.48)   (-1.55)     (-1.16)     (1.56)     (-1.80)c                (1.14)                            (-0.47) 
_________________________________________________________________________________________________________________ 

Panel B: Using Panel data 
_________________________________________________________________________________________________________________ 
            Constant     SIZE        AGE       TDTA     NICAP       C5    HERF    GOV      FRGO     INSTIT     Pseudo ( 2R )    Wald test     P-value 

_________________________________________________________________________________________________________________ 
Model 1   1.25       --0.82        -0.03       1.32          -2.22       1.36               -0.29                                           0.18           63.29                   0.00 
                 (0.57)   (-2.47)b    (-1.82)c    (3.46)a      (-4.93)a  (2.11)b         -(0.35) 
 
Model 2   1.23         -0.80       -0.04         1.26         -2.24       1.32                              -0.68                            0.18          63.30                   0.00 
                (0.57)     (-2.42)b   (-1.97) b   (3.49)a     (-5.03)b   (2.17)c                         (-0.58) 
 
Model 3   1.59        -0.87        -0.03         1.29        -2.21       1.21                                               0.23             0.18           63.27                  0.00 
                (0.71)     (-2.58)b   (-1.72)c     (3.56)a   (-4.99)b   (1.87)c                                           (0.31) 
 
Model 4   1.45        -0.79          -0.03         1.27        -2.24                   1.50    -0.16                                           0.19          62.38                  0.00 
               (0.66)      (-2.42)b    (-1.77)c     (3.29)a   (-4.95)a              (1.87)  (-0.19) 
 
Model 5   1.44       -0.78         -0.03          1.23        - 2.25                  1.47                  - 0.49                           0.19           63.27                 0.00 
               (0.66)     (-2.38)b    (-1.88)c     (3.35)a     (-5.92)a             (1.93)c                (0.66)  
 
Model 6   1.74       -0.85        -0.0.3         1.27          -2.22                  1.33                                   0.31             0.19          62.85                 0.00 
               (0.77)     (-2.52)b    (-1.63)      (3.43)a      (-4.97)a              (1.62)                                (0.43)       
_________________________________________________________________________________________________________________ 

Note: a, b, c: indicate significant at a 1%, 5%, and 10% level, respectively. Statistical significance t-statistics is determined with 
White (1980) standard errors to correct for heteroskedasticity. Industrial dummy variables are included in the regression. 
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For the Logit models, the Pseudo 2R  ranges from 47 to 60 percent, while the LR ranges from 38 

to 49 percent, and is statistically highly significant in the corresponding asymptotic Chi-squared 

distribution for the cross-sectional data in panel A. For the cross-sectional and time-series data, 

the Pseudo 2R  ranges from 18 to 19 percent, while the Wald test ranges from 62.85 to 63.30 and 

is statistically significant at the 1% level. To sum up, results from cross-sectional and panel data 

analysis provide evidence of the effect of ownership structure on corporate failure. The result 

shows that ownership concentration affects corporate performance negatively and participates in 

corporate failure. The results also, show that government ownership decreases a firm’s 

likelihood of default.  

 

To the best of the author’s knowledge, this paper provides the first attempt to document that 

ownership concentration is positively related to corporate failure as shown by the positive and 

significant coefficient of C5 in most regressions in panel B, and in Model 1 and Model 3 in 

panel A. In other words, when a firm has a high concentration in its ownership structure it will 

have a higher risk of failure, no matter what the ownership mix (GOV or FORG or INSTIT) is. 

 
 

5   Conclusion 

The possible impact of ownership structure on a firm’s performance has been central to research 

on corporate governance, but evidence on the nature of this relationship has been decidedly 

mixed. While some theories and empirical investigations suggest that ownership structure 

affects firm performance, others suggest the irrelevance of the relationship between ownership 

structure and firm performance. Furthermore, most of the studies are conducted in developed 

countries and in some Asian countries where the characteristics of ownership structure are 

different from Middle Eastern countries. So, implications from the theory may not be applicable 

to other countries. This study provides evidence from Middle Eastern countries and expands the 

previous studies by investigating the effect of ownership structure on the firm’s failure.  

 

The empirical evidence in this chapter shows that ownership structure and ownership 

concentration play an important role in the performance and value of Jordanian firms. It shows 

that inefficiency is related to ownership concentration and to institutional ownership. A negative 

correlation between ownership concentration C5 and firm’s performance both, ROA and 

Tobin’s Q, is found, while there is a positive impact on firm performance MBVR. The HERF is 
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not significant at any level of significance in any measure of performance. The insignificance of 

the HERF shows that there could be a non-linear relationship between ownership concentration 

and a firm’s performance.  

 

The research also found that there is a significant negative relationship between government 

ownership and a firm’s accounting performance, while the other ownership structure mixes have 

significant coefficients only in Tobin’s Q using the matched sample. However, government 

ownership had a positive impact on the firms performance measure ROA only. Firm’s 

profitability ROA was negatively and significantly correlated with the fraction of institutional 

ownership, and positively and significantly related to the market performance measure, MBVR. 

The result is robust when indicators of both concentration and ownership mix are included in the 

regressions. The results of this study are, to some extent, inconsistent with previous findings. 

 

This paper also used ownership structure to predict the corporate failure. The results suggest that 

government ownership is negatively related to the likelihood of default. Government ownership 

decreases the likelihood of default, but has a negative impact on a firm’s performance. The 

results suggest that, in order to increase a firm’s performance and decrease the likelihood of 

default, it is reasonable to reduce government ownership to some extent. Individual share 

holders have no apparent capability to monitor and influence the behaviour of management. 

Furthermore, a certain degree of ownership concentration is needed to increase the firm’s 

performance and to decrease the firm’s chance of default. This paper also provides evidence that 

the performance of the firms is a non-linear function of ownership structure.  
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Appendix 1: Ownership Mix and Concentration and Firm’s Performance Including Industrial Dummy 

Variables 

 ROA ROA 

Constant 

 

-0.3998 
(-4.6)*** 

-0.3823 
(-4.4)*** 

-0.4357 
(-4.98)*** 

-0.4378 
(-4.85)*** 

-0.3875 
(-4.44)*** 

-0.4511 
(-5.15)*** 

-0.4323 
(-4.77)*** 

-0.4099 
(-4.7)*** 

SIZE 

 

0.0594 
(5.48)*** 

0.0557 
(5.16)*** 

0.0649 
(5.9)*** 

0.0608 
(5.53)*** 

0.0554 
(5.1)*** 

0.0679 
(6.16)*** 

0.0625 
(5.66)*** 

0.0591 
(5.42)*** 

DEBT 

 

-0.1644 
(-10.78)*** 

-0.1631 
(-10.69)*** 

-0.1692 
(-10.97)*** 

-0.1603 
(-10.55)*** 

-0.1603 
(-10.52)*** 

-0.1692 
-(10.95)*** 

-0.1612 
(-10.58)*** 

-0.1609 
(-10.55)*** 

GROW1 

 

0.0007 
(2.43)** 

0.0007 
(2.45)** 

0.0007 
(2.43)** 

0.0008 
(2.47)** 

0.0008 
(2.47)** 

0.00073 
(2.41)** 

0.0007 
(2.43)** 

0.0008 
(2.46)** 

C5 

 

-0.0343 
(-2.02)** 

0.0122 
(0.42) 

0.0341 
(1.24) 

0.0498 
(1.72)* 

 

   
HERF 

  
   0.0238 

(0.85) 
-0.0184484 
(-1.09) 

-0.0204 
(-1.11) 

-0.0339 
(-1.96)** 

GOV 
 

0.0646 
(2.46)** 

0.0514 
(1.88)* 

   
   

INSTIT 

  
 -0.0441 

(-1.93)* 
  -0.0456 

(-2.00)**   
CITIZEN 

  
  0.0451 

(1.97)** 
 

 
0.0206 
(0.87)  

FORG 

  
   0.0282 

(0.92)   
0.0491 
(1.61) 

No. of 

observation 1265 1265 1265 1265 1265 1265 1265 1265 

Wald test 

172.32 
(0.00)*** 

168.39 
(0.00)*** 

177.91 
(0.00)*** 

169.42 
(0.00)*** 

164.54 
(0.00)*** 

177.27 
(0.00)*** 

167.18 
(0.00)*** 

167.44 
(0.00)*** 

R-square 0.2178 0.2124 0.2234 0.22 0.2115 0.2272 0.2192 0.2107 
Breusch 

and Pagan 

test 

241.55 
(0.00)*** 

240.09 
(0.00)*** 

224.26 
(0.00)*** 

243.94 
(0.00)*** 

223.22 
(0.00)*** 

223.25 
(0.00)*** 

240.05 
(0.00)*** 

224.32 
(0.00)*** 

 Tobin’s Q MBVR 

Constant 

 

87.6192 
(9.63)*** 

88.0990 
(9.57)*** 

98.3229 
(10.04) *** 

85.9391 
(9.75)*** 

-2.1715 
(-1.57) 

-1.9225 
(-1.39) 

-1.8485 
(-1.31) 

-2.0974 
(-1.52) 

SIZE 

 

-0.6317 
(-0.59) 

-0.5919 
(-0.54) 

-1.7731 
(-1.56) 

-0.1367 
(-0.13) 

0.4287 
(2.58)*** 

0.3761 
(2.24)** 

0.3924 
(2.34)** 

0.4371 
(2.62)*** 

DEBT 

 

-0.8027 
(-0.43) 

-0.9463 
(-0.5) 

-1.3224 
(-0.7) 

-0.8784 
(-0.48) 

-0.3237 
(-1.2) 

-0.2836 
(-1.05) 

-0.3559 
(-1.34) 

-0.3708 
(-1.39) 

GROW1 

 

-0.0463 
(-0.9) 

-0.0509 
(-0.99) 

-0.0355 
(-0.69) 

-0.0487 
(-0.95) 

-0.0017 
(-0.09) 

0.0011 
(0.06) 

-0.0017 
(-0.09) 

-0.0032 
(-0.17) 

C5 

 

-1.2306 
(-0.53) 

-0.7316 
(-0.34) 

-5.0872 
(-2.04)** 

0.1900 
(0.09) 

0.5293 
(1.94)* 

0.4366 
(1.63) 

0.4152 
(1.41) 

0.5497 
(1.99)** 

GOV 

 

1.2714 
(0.43) 

   -0.3794 
(-0.94) 

   

INSTIT 

 

 -4.7444 
(-1.65)* 

   0.6944 
(2.00)** 

  

CITIZEN 

 

  -9.9565 
(-3.46)*** 

   -0.1738 
(-0.48) 

 

FORG 

 

   -7.4381 
(-1.99)** 

   -0.4865 
(-1.06) 

No. of 

observation 1163 1163 1163 1163 1113 1113 1113 1113 

Wald test 

221.95 
(0.00)*** 

223.49 
(0.00)*** 

223.57 
(0.00)*** 

234.45 
(0.00)*** 

33.75 
(0.03)** 

36.14 
(0.01)*** 

34.89 
(0.021)** 

34.05 
(0.03)** 

R-square 0.1877 0.19 0.194 0.1904 0.0950 0.1074 0.0981 0.0980 
Breusch 

and Pagan 

test 

16.92 
(0.00)*** 

15.61 
(0.00)*** 

13.82 
(0.00)*** 

16.72 
(0.00)*** 

127.61 
(0.00)*** 

114.27 
(0.00)*** 

121.47 
(0.00)*** 

124.31 
(0.00)*** 

Note: ***, **, * indicate significant at a 1%, 5%, and 10% level, respectively. t statistics in parentheses are determined with 
White (1980) standard errors to correct for heteroskedasticity. Industrial dummy variables are included in the regression. 
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Appendix 1 (Continue): Ownership Mix and Concentration and Firm’s Performance Including Industrial 

Dummy Variables 

 Tobin’s Q MBVR 

Constant 

 
87.5196 
(9.62)*** 

88.2157 
(9.55)*** 

96.8305 
(9.96)*** 

86.2923 
(9.76)*** 

-2.2760 
(-1.64)* 

-1.9844 
(-1.44) 

-1.7547 
(-1.26) 

-2.2087 
(-1.6) 

SIZE 

 
-0.6567 
(-0.61) 

-0.6390 
(-0.59) 

-1.7125 
(-1.52) 

-0.1818 
(-0.17) 

0.4581 
(2.77)*** 

0.3950 
(2.36)** 

0.3964 
(2.39)** 

0.4653 
(2.8)*** 

DEBT 

 
-0.7722 
(-0.41) 

-0.9542 
(-0.5) 

-1.1220 
(-0.59) 

-0.9881 
(-0.53) 

-0.3370 
(-1.25) 

-0.2933 
(-1.08) 

-0.3626 
(-1.37) 

-0.3817 
(-1.43) 

GROW1 

 
-0.0467 
(-0.91) 

-0.0509 
(-0.99) 

-0.0377 
(-0.74) 

-0.0485 
(-0.95) 

-0.0028 
(-0.15) 

0.0005 
(0.03) 

-0.0026 
(-0.14) 

-0.0042 
(-0.22) 

HERF 

 
-0.1120 
(-0.03) 

0.1367 
(0.04) 

-5.7080 
(-1.39) 

2.1186 
(0.58) 

0.5869 
(1.22) 

0.5245 
(1.15) 

0.2727 
(0.56) 

0.5619 
(1.19) 

GOV 

 
0.6834 
(0.23)    

-0.3830 
(-0.92)    

INSTIT 

  
-4.7419 
(-1.66)*    

0.7550 
(2.16)**   

CITIZEN 

   
-8.8551 
(-3.14)***    

-0.3230 
(-0.92)  

FORG 

    
-7.8955 
(-2.11)**    

-0.4144 
(-0.89) 

No. of Observation 1163 1163 1163 1163 1113 1113 1113 1113 

Wald test 

 
221.39 
(0.00)*** 

222.72 
(0.00)*** 

222.37 
(0.00)*** 

234.64 
(0.00)*** 

31.61 
(0.048)** 

34.64 
(0.022)** 

34.13 
(0.025)** 

31.52 
(0.049)** 

R-square 0.1876 0.1889 0.1928 0.1906 0.0926 0.1063   0.0988 0.0961 
Breusch and Pagan 

test 
16.97 
(0.00)*** 

15.63 
(0.00)*** 

14.16 
(0.00)*** 

16.70 
(0.00)*** 

125.62 
(0.00)*** 

115.46 
(0.00)*** 

121.77 
(0.00)*** 

122.01 
(0.00)*** 

Note: ***, **, * indicate significant at a 1%, 5%, and 10% level, respectively. t statistics in parentheses are determined with 
White (1980) standard errors to correct for heteroskedasticity. Industrial dummy variables are included in the regression. 
 
 

Appendix  2: Ownerships Concentration (C5) and Mix and Firm’s Performance 

______________________________________________________________________ 

        Constant     SIZE       AGE      TDTE      LTDTA     NICAP       C5       GOV       FORG      INSTIT      Adj. 
2R      F-Stat 

__________________________________________________________________________________________________________ 
 
ROE   -1.86            0.27       0.039        -0.14         -0.54           0.24        0.28        -2.44                                            0.73             23.66 
          (-5.18)a       (4.80)a     (0.40)     (-8.08)a     (-1.76)C     (2.65)a     (2.44)b   (-1.79)c   
 
ROE   -1.90           0.28      - 0.006      -0.14          -0.77            0.22       0.18                      -0.10                               0.72             21.99 
          (-5.14)a      (5.01)a    (-0.07)     (-7.80)a      (-2.65)a      (2.41)b   (1.78)c                  (-0.53)  
 
ROE   -1.87           0.27     - 0.0006      -0.14          -0.70           0.23       0.14                                           0.18            0.73            23.16 
          (-5.17)a      (4.86)a    (-0.01)     (-7.96)a      (-2.44)b       (2.64)a    (1.41)                                       (1.53) 
 
ROA    -1.32         0.18         0.02          0.02          -0.30          0.26         0.15         -0.05                                           0.53             10.20 
           (-5.74)a     (5.09)a     (0.24)       (1.68)c      (-1.52)       (4.65)a     (2.07)b    (-0.59) 
 
ROA   -1.33           0.18        0.005        0.02          -0.35            0.26       0.13                       -0.013                            0.52            10.08 
          (-5.75)a      (5.22a      (0.08)      (1.69)c       (-1.90)c      (4.58)a    (2.05)b                   (-0.10) 
 
ROA   -1.32           0.18        0.008       0.019         -0.33           0.26        0.12                                           0.052         0.50            10.85 
          (-5.75)a      (5.12)a     (0.13)      (1.70)c       (-1.80)c      (4.67)a    (1.87)c                                      (0.70) 
 
Q(1)    2.55           -0.31         0.50        -0.09          0.79           -0.10       -0.18         0.90                                            0.14              2.38 
          (2.23)b      (-1.79)c     (1.64)c      (-1.63)        (0.81)        (-0.35)    (-0.49)      (2.08)b 
 
Q        2.60           -0.36          0.77       -0.09           1.38           0.06        0.28                       -1.26                              0.14               2.39 
         (2.28)b       (-2.08)b     (2.64)a   (-1.69)c      (1.54)          (0.2)      (0.87)                    (-2.09)b 
 
Q        2.71           -0.39         0.72         -0.10          1.71           0.05        0.13                                           0.39            0.09              1.81 
          (2.30)b      (-2.18)b     (2.39)b    (-1.65)c       (1.84)c      (0.16)     (0.40)                                         (1.02) 
 

Note: a, b, c: indicate significant at 1%, 5%, and 10% level, respectively. t statistics in parentheses are determined with White 
(1980) standard errors to correct for heteroskedasticity. Industrial dummy variables are included in the regression. (1) Q refers to 
Tobin's' Q. 
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Appendix  3: Ownerships Concentration (HERF) and Mix and Firm’s Performance 

______________________________________________________________________ 

    Constant     SIZE        AGE         TDTE       LTDTA      NICAP    HERF      GOV       FORG     INSTIT    Adj. 
2R    F-Stat 

__________________________________________________________________________________________________________ 
 
ROE   -1.86         0.28        0.03          -0.14           -0.67           0.22          0.19       -0.15                                                 0.71        21.08 
          (-4.94)a    (4.81)a     (0.31)       (-7.71)a      (-2.14)b       (2.35)b     (1.11)   (-1.08)   
 
ROE   -1.88         0.29       0.007         -0.14           -0.79            0.20         0.10                       -0.06                                0.71         20.50 
          (-4.97)a     (4.97)a    (0.01)      (-7.65)a        (-2.65)a       (2.20)b    (1.64)c                    (0.31) 
 
ROE   -1.86         0.27         0.01         -0.14           -0.70            0.23         0.03                                          0.21               0.72        22.04 
          (-5.04)a    (4.83)a    (0.10)        (-7.91)a      (-2.39)b       (2.49)a     (0.21)                                      (1.71)c  
 
ROA   -1.32        0.19        0.012         0.017          -0.37           0.25           0.12     -0.008                                               0.50          9.20 
          (-5.55)a    (5.11)a     (0.19)        (1.51)         (-1.86)C     (4.34)a     (1.07)    (-0.09)   
 
ROA   -1.32        0.19        0.009         0.018          -0.37           0.25          0.11                        0.02                                0.50          9.21 
          (-5.56)a    (5.17)a    (0.15)         (1.52)         (-1.98)b      (4.36)a     (1.19)c                    (0.15)  
 
ROA   -1.32         0.18        0.014        0.017           -0.35           0.26          0.09                                         0.06               0.50          9.41 
          (-5.57)a     (5.06)a    (0.24)        (1.49)         (-1.86)c      (4.49)a     (0.35)                                       (0.42) 
 
Q(1)      2.52       -0.31        0.48         -0.09              0.84         -0.11         -0.38         0.95                                               0.15          2.43 
          (2.21)b    (-1.78)c    (1.59)       (-1.70)c         (0.88)       (-0.40)      (-0.73)      (2.20)b  
 
Q        2.62         -0.35         0.78         -0.10             1.34          0.04           0.17                       -1.19                               0.13          2.28 
         (2.28)b      (-2.03)b    (2.66)a     (-1.73)c        (1.47)        (0.13)        (0.38)                    (-1.98)b   
 
Q        2.72         -0.39        0.73          -0.10            1.69             0.04         0.07                                            0.40            0.09          1.78 
          (2.31)b    (-2.17)b    (2.42)a     (-1.67)b         (1.81)c       (0.13)       (0.14)                                        (1.05) 
 

Note: a, b, c: indicate significant at 1%, 5%, and 10% level, respectively. t statistics in parentheses are determined with White 
(1980) standard errors to correct for heteroskedasticity. Industrial dummy variables are included in the regression. (1) Q refers to 
Tobin's' Q. 
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Abstract 

This paper proposes a path-dependent approach for estimating maximum appreciations of the 

renminbi expected by the market based on first-passage-time distributions.  Using market 

data of the renminbi spot exchange rates, non-deliverable forward rates and currency option 

prices from 21 July 2005 (the reform of the exchange rate regime) to 28 February 2008 for 

model parameters, the maximum appreciations of the renminbi estimated under the proposed 

approach show that the market expected another large movement of the exchange rate during 

the 14 months after the reform.  Subsequently, the few occasions of appreciations beyond the 

expected maximums coincided with the trade-related issues and speculations of greater 

momentum of appreciation allowed by the authorities.  The PBoC’s measures were however 

largely incorporated into the derivatives’ prices.  The proposed approach can be used to 

gauge the range of appreciations of the renminbi anticipated in the market and to identify any 

exchange rate movements beyond market expectations. 
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1. Introduction 

The People’s Bank of China (PBoC) announced on 21 July 2005 a series of measures 

to reform the exchange rate regime, which combined a revaluation of the renminbi and 

changes in the exchange rate mechanism.  These included moving from a de facto peg to the 

US dollar to a managed floating exchange rate regime based on market supply and demand 

with reference to a basket of currencies, and a 2 per cent revaluation of the renminbi against 

the US dollar to CNY8.11 per US dollar.  Under the new regime, the daily trading price of 

each basket currency against the renminbi will be allowed to move within a certain band 

around the previous day’s closing price.  The band width was undisclosed except for the US 

dollar, which is set at ±0.3% (then widen to ±0.5% on 17 May 2007), even though the PBoC 

emphasised that the band will change according to market development as well as the 

economic and financial situation.  Included in the basket are the currencies of Mainland’s 

major trading partners with weights reflecting to a large extent their trade shares.  

With the growing importance of the Mainland China economy, the renminbi will 

gradually play a central role in international markets, and may become an anchor currency in 

Asia (see Greenaway et al. (2006) and Colavecchio and Funke (2007)).  While the value of 

the renminbi under the new regime reflects the supply and demand, and can rise or fall 

against other currencies including the US dollar, appreciation of the renminbi has been a 

general trend since the reform and expected by market participants.1   McKinnon (2006) 

shows that this expectation itself can influence China’s economy even before substantial 

appreciation actually occurs.  A sharp appreciation of the renminbi against the US dollar 

would have negative effect on China’s export-fuelled growth.  It would not just be Chinese 

companies that suffer as there would be a hit to margins for foreign companies with 

significant manufacturing exposure to China.  A sharp appreciation may also cause a shock to 

                                              
1 The renminbi has appreciated about 12 percent as at February 2008 since the reform. 
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the rest of Asia, which, although receiving a step gain in competitiveness, has been grateful 

for cheap Chinese imports.  This may trigger substantial movements in the exchange rates of 

Asian economies or even other developing economies.  It is therefore an important issue to 

measure the range of appreciation expected in the financial market.   

Option markets have the desirable property of being forward-looking in nature and 

thus are a useful source of information for gauging market sentiment about future values of 

financial assets.  Currency options, whose payoff depends on a limited range of the expected 

exchange rate, offer broader information about market expectations than the forward 

exchange rate.2  The entire risk neutral probability density function of the exchange rate can 

be inferred from option prices.  Campa et al. (1997) use currency option prices to derive 

market expectations of “effective” bandwidths for ERM currencies at the end of a time 

horizon based upon this kind of technique of extracting market expectations from financial 

prices.  However, such bandwidths are determined by specifying the probability (say 90% or 

95%) contained in the bandwidths.  The specification is somehow arbitrary.  In addition, such 

technique provides the expectations at the end of a time horizon (option expiration), i.e. a 

path-independent approach.  Mizrach (1996) and Söderlind (2000) estimated the market 

expectation of the British pound exchange rate by using similar techniques for the ERM crisis 

period in 1992. 

This paper proposes an approach for estimating the maximum appreciation of the 

renminbi expected in the financial market based upon a first-passage-time approach.3  This 

approach is path dependent such that the characteristic of the exchange rate dynamics over a 

time horizon (i.e. not just at the end of it) is incorporated into the estimations.  There is a 

significant difference between expected maximums measured by the path-independent 

                                              
2 The renminbi non-deliverable forward rates reflect the average expectation of the future exchange rate. 
3 It should be noted that this paper is not about the equilibrium level of the exchange rate and whether the 
renminbi is undervalued. 
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approach and by the path-dependent approach.  The measurement of the path-independent 

approach depends on the exchange rate only at the end of some time interval, and not on a 

particular path.  This means that the path-independent maximum/minimum does not take into 

account the exchange rate reaching at a high/low level during some time interval.  The path-

independent approach therefore underestimates the maximum/minimum values (see Figure 1 

below for illustration).  In addition, it requires an arbitrary specification of the coverage (say 

95%) of the probability density function to determine the maximum/minimum.  This paper 

however considers that path dependency is a critical factor that allows substantial 

appreciation/depreciation of an exchange rate triggered by an important economic-political 

event during a time horizon.  The expected maximum appreciation estimated by the first-

passage-time approach could explicitly identify any exchange rate movements which are 

beyond market expectations reflected in financial prices. 

In the following section, we derive the estimations of the expected maximum 

appreciation/depreciation of a currency whose exchange rate is under a lognormal process 

using the first-passage-time approach.  In section 3, the expected maximum appreciations of 

the renminbi from 21 July 2005 to 28 February 2008 are calculated from the first-passage-

time approach and the results are compared with actual exchange rate movements.  The final 

section summarises the findings. 

 

2. First-passage-time approach 

It is assumed that the spot exchange rate S (the renminbi value of a unit of the US 

dollar, i.e. CNY/USD) is under a lognormal process.  The same assumption is used by the 

currency option valuation model in Garman and Kohlhagen (1983), which is the standard no-

arbitrary model based on the framework developed by Black and Scholes (1973) for market 
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participants to calculate implied option volatility. 4   The risk-free interest rates of the 

underlying exchange rate are constant.  It is noted that the renminbi interest rate market has 

not been liberalised in China.  The domestic renminbi interest rate is not tradable and does 

not reflect the forward exchange rate under the interest rate parity relationship that is a 

necessary condition in the Garman-Kohlhagen model.  The non-deliverable forward (NDF) 

rate of the renminbi, which is traded in the off-share market, is thus used to imply the 

corresponding interest rate.  The renminbi currency options are also traded in the off-share 

market. 5   Under the no-arbitrary environment in the Garman-Kohlhagen model, the 

Kolmogorov’s forward equation governing the transition probability P(S, t) of S is: 
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where r and q are the risk-free interest rates of the renminbi and US dollar respectively, and 

σ  is the volatility of the exchange rate.   

Let 0S  denote the exchange rate of the renminbi against the US dollar at current 

time 0=t .  To estimate the expected maximum appreciation of the renminbi (i.e. the 

minimum exchange rate) in a time horizon of T, we define the following quantity: 

[ ]TtSS t ≤≤= 0;minmin ,     (2) 

where minS is the minimum for Tt ≤≤0 .  minS  is estimated by considering the probability 

that minS  falls into a region between L and { }LL ∆+ , i.e. { }LLSL ∆+<< min  for Tt ≤≤0 .  

This means that minS breaches { }LL ∆+  but not L.  The movement of S under this 

representation is presented in Figure 1.  The first-passage-time distribution of S is denoted 

by ( )tSD fp , .  Therefore, the probability of { }LLSL ∆+<< min  is: 

                                              
4 While some studies suggest mispricing of currency options by the Garman-Kohlhagen model (see Ekvall et al. 
(1997)), the model is commonly used by market practitioners.  
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[ ] [ ] [ ]
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By taking a limit of 0→∆L , Eq. (3) becomes 
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The expected minimum is thus given by  
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 ( )tSD fp ,  is derived from Eq. (1).  After changing variable of [ ] ∞<≡≤ LSx /ln0 , the 

solution of Eq. (1) subject to the initial condition ( ) ( )00, xxtxP −== δ  and natural 

boundary conditions is given by6 
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with 
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By the method of images, the corresponding first-passage-time probability density function 

with an absorbing boundary at LS =  (with 0SL < ) is  
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where 

                                                                                                                                             
5 According to BIS Triennial Central Bank Survey of Foreign Exchange and Derivatives Market Activity in 
April 2007, the daily average turnovers of currency forward and option transactions in the renminbi were 
US$4,572 million and US$244 million respectively (see Bank for International Settlements (2007)). 
6 ( )0xx −δ  is the Dirac delta function. 
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and [ ]LSx /ln 00 ≡ .7  Based on Eqs. (6) and (8), the first-passage-time distribution is given as  
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where N(.) is the cumulative normal distribution function.  By putting Eq. (9) into Eq. (5) 

with constant interest rates and volatility, the expected maximum appreciation minS  is 

expressed as 
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The detailed derivation of Eq. (10) is in the Appendix. 

The corresponding maximum [ ]TtSS t ≤≤= 0;maxmax  (i.e. the minimum 

appreciation or maximum depreciation of the renminbi) is estimated by considering the 

probability that maxS  falls into a region between H and { }HH ∆+  (with 0SH > ).  Figure 1 

shows that { }HHSH ∆+<< max  for Tt ≤≤0 .  The first-passage-time distribution of S is 

denoted by ( )tSU fp , .  The probability of { }HHSH ∆+<< max  is: 

[ ]
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The expected maximum is thus given by  
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max .    (12) 

                                              
7 The method of images is used to derive the closed-form formula for the first-passage-time density of a time-
dependent Ornstein–Uhlenbeck process to a parametric class of moving boundaries in Lo and Hui (2006). 
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Similar to the derivation of minS , the first-passage-time probability density function with an 

absorbing at HS = is 
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with [ ] ∞<≡≤ HSx /ln~0  and [ ] 0/ln~
00 >≡ HSx .  Based on Eq. (13), the first-passage-time 

distribution is given as  
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 By putting Eq. (14) into Eq. (12) with constant interest rates and volatility, the 

expected minimum appreciation or maximum depreciation maxS  is expressed as  
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The detailed derivation of Eq. (15) is in the Appendix. 

 

3. Estimation of Expected Maximum Appreciation of Renminbi 

The model parameters used to estimate expected maximum appreciation of the 

renminbi are spot exchange rates S (the renminbi value of a unit of the US dollar, CNY/USD), 

renminbi interest rates r, US dollar LIBOR q, and volatility σ implied from at-the-money-

forward currency option prices covering the period from 21 July 2005 to 28 February 2008.8  

The NDF rates which are the average expected forward exchange rates of the renminbi are 

used to imply the renminbi interest rates r.  Figure 2 presents the daily one-month and three-

                                              
8 Data of option prices are provided by JPMorgan and other data are from Bloomberg. 
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month NDF rates which are shifted one month and three months forward to compare with the 

actual spot exchange rates.  It shows that continuous appreciations of renminbi were expected 

in the NDF rates while the actual exchange rates quite frequently appreciated more than the 

magnitudes implied by the forward exchange rates since September 2006. 

The estimated expected maximum appreciation minS  and minimum appreciation (or 

maximum depreciation) maxS  of the renminbi with one-month and three-month time 

horizons based on Eqs. (10) and (15) are shown in Figures 3 and 4 respectively.  The one-

month and three-month expected maximum/minimum appreciations ( minS  and maxS ) are 

shifted one month and three months forward respectively to compare with the actual spot 

exchange rates.  For example, the three-month minS  as at 1 June 2006 in Figure 4 is based 

on the market information as at 1 March 2006.  It therefore takes three months to incorporate 

new market information into the input parameters.  Figure 3 shows that the renminbi 

appreciated against the US dollar less than the expected maximums in one-month period in 

most of the observations, but well above the expected minimums.  In particular, the expected 

maximums were substantially more than the actual appreciations of the renminbi from July 

2005 until August 2006.  This demonstrates that the market prices incorporated the possibility 

of another large (stepwise) movement of the exchange rate during this period after the 2 per 

cent revaluation on 21 July 2005.  Since September 2006, the differences between the 

expected maximum appreciations and the actual exchange rates were narrower.  This 

convergence may reflect that market participants had learnt and been getting used to the new 

exchange rate regime and the policies of the PBoC.  Therefore, less risk premiums were 

priced into the currency option values.  However, the renminbi strengthened beyond the 

expected maximums in some periods of time. 
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Figure 4 shows a clearer picture of such faster than expected maximum appreciations 

of the renminbi in three periods of time.  The first period was at the beginning of 2007 (see 

period A in the figure).  The spot rate climbed to RMB7.7436 per US dollar on 16 February 

2007.  The pickup in momentum in the appreciation appeared to be at least partly encouraged 

by the comments of the PBoC indicating that, while paying attention to inflation pressure, 

reform of the exchange rate regime would steadily advance and that the market would assume 

a greater role in determining the renminbi exchange rate.  The second was in July 2007 (see 

period B in the figure) due to the higher than expected trade gap between China and the US 

that might sign faster appreciation allowed by the PBoC.9  The third was between November 

2007 and February 2008 (see period C in the figure).  It is believed that the appreciation of 

the renminbi picked up further pace during this period was caused by calls for a faster 

appreciation of the renminbi by the European Union in the annual EU-China Summit in 

November 2007 and US negotiators in the third round of the Sino-US Strategic Economic 

Dialogue in December 2007 respectively.  The calls tried to address China’s fast growing 

trade surplus.10  In addition, the inflationary pressure in the first two months of 2008 added to 

the momentum.11 

The exchange rate appreciations beyond the expected maximums in these three 

periods appear to coincide with the trade-related issues and speculations of greater 

momentum of appreciation allowed by the authorities.  While the PBoC raised the reserve 

requirement ratio for deposit money banks 10 times from 9.5% to 14.5% and one-year 

deposit rate six times from 2.52% to 4.14% throughout 2007 (see Table 1), the tightening 

monetary policy was unlikely responsible for any unexpected acceleration of the exchange 

                                              
9 China’s trade gap widened 87 percent in June 2007 from a year ago to US$26.9 billion.  A stronger yuan 
would increase export prices and lower import costs, reducing the surplus. 
10 China’s trade surplus has been growing very quickly.  The total trade surplus for the first 11 months of 2007 
hit US$239.3 billion, far above the US$177.5 billion recorded for all of 2006.  China's trade surplus with the EU 
rose 25 per cent in the first eight months of 2007 to €70 billon (US$103 billion). 
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rate.  Furthermore, the trading bands of the CNY/USD spot rate widened from 0.3% to 0.5% 

on 18 May 2007 but its impact on the exchange rate movement was not noticeable.  This 

means that the market had already incorporated those PBoC’s measures into the currency 

option prices and the NDF rates since the beginning of 2007.   

The differences between the expected maximum appreciations and the expected 

average appreciations implied by the NDF rates indicate the uncertainty of the exchange rate 

movements implied by the currency option market.  Figure 5 shows the expected maximum 

appreciations, the expected average appreciations (as compared with the spot exchange rates) 

and their differences in a three-month horizon.  The expected maximum appreciations were 

about 0.5% to 1% higher than the expectations implied by the NDF rates from July 2005 until 

end-December 2006.  The differences then narrowed during the first ten months of 2007 

while the expected appreciations increased.  This reflects that the increase in the expected 

appreciation does not imply higher uncertainty anticipated in the market. 12   Given the 

tightening PBoC policy during 2007 and the wider trading bands, the market however priced 

less uncertainty into option prices over the same period.  The differences increased again to 

the range of 0.5% and 1% in November 2007.  This may be due to the high-level talks held 

between China and the US and also China and Europe and speculations of greater momentum 

of appreciation allowed by the authorities due to high inflation during the period.  The results 

are consistent with those found in Figure 4. 

 

4. Conclusion 

This paper proposes a first-passage-time approach for estimating maximum 

appreciations of the renminbi expected by the market.  The characteristic of the renminbi 

                                                                                                                                             
11 The heavy snowstorms in early February 2008 pushed China’s year-on-year CPI to 8.7% as at February 2008.  
The year-on-year CPI as at January 2008 was 7.1%. 
12 The correlation between the expected appreciation and the difference is -0.2 over the sample period. 
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exchange rate dynamics over a time horizon (i.e. not just at the end of it) is incorporated into 

the estimations.  Such path dependency is a critical factor that allows substantial appreciation 

of the exchange rate triggered by an important economic-political event during the period of 

time.   

Using currency option prices which have the desirable property of being forward-

looking in nature, the maximum appreciations of the renminbi estimated under the proposed 

approach show that the market prices incorporated the possibility of another large movement 

of the exchange rate during the first 14 months after the reform.  Subsequently, the few 

occasions of appreciations beyond the expected maximums coincided with the trade-related 

issues and speculations of greater momentum of appreciation allowed by the authorities.  The 

PBoC’s tightening monetary policy was however unlikely responsible for any unexpected 

acceleration of the exchange rate.  The increase in the expected appreciation did not imply 

higher uncertainty anticipated in the market.  The proposed approach can be used to gauge 

the range of appreciations of the renminbi anticipated in the market and to identify any 

exchange rate movements beyond market expectations. 
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Appendix  

The expected minimum and maximum in Eqs. (5) and (12) are written as: 
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These two equations can be solved analytically by introducing [ ]LSy /ln 0=  and 

[ ]0/ln SHy =  respectively.  The integrations with respect to the hitting time distribution 

become 
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With constant input parameters, the integrals in Eq. (A3) can be expressed as the following 

form: 

 

( )
( )

( )

( )

∫ ∫

∫

∞ −

∞−

∞

=











 −
=

θ

θ

π

ξ
ξθ

ky
zyz

ky

eedzdy

dye
Tc

yTc
NkI

2

2

1

2

2

2

1

2
,,

, (A4) 

where ξθ ,,k  are constants and independent of y  and 
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By switching the order of the integration in dy  and dz , Eq. (A4) becomes 
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By completing square on the variable z , Eq. (A5) becomes 
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By substituting Eq. (A6) into Eq. (A3), the expected minimum and maximum are expressed 

as: 

 [ ] ( )[ ]{ }βββ ,1,0,1,000min +−+−−−= IISSS  (A7) 

and 

 [ ] ( )[ ]{ }βββ −+++= ,1,0,1,000max IISSS  (A8) 

respectively.  Using the identity of [ ] [ ]zNzN −−= 1 , Eqs. (10) and (15) are obtained. 
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Figure 1.  Schematic picture of exchange rate movement and its Smin and Smax 
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Figure 2.  Spot exchange rate, 1-month NDF rate (with 1-month shift) and 3-month NDF rate 

(with 3-month shift) of renminbi from 21 July 2005 to 28 February 2008. 
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Figure 3.  Spot exchange rate, 1-month expected maximum appreciation Smin and minimum 

appreciation (or maximum depreciation) Smax of renminbi from 21 July 2005 to 28 February 

2008. 
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Figure 4.  Spot exchange rate, 3-month expected maximum appreciation Smin and minimum 

appreciation (or maximum depreciation) Smax of renminbi from 21 July 2005 to 28 February 

2008.  
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spot exchange rate) in 3-month horizon, and their difference from 21 July 2005 to 28 
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2007

20-Dec The PBoC raised the 1-year base lending rate from 7.29% to 7.47% and 1-year deposit rate from 3.87% to 4.14%. The base

interest rates for other maturities were also raised accordingly, more notably in short term time deposits (e.g. 3-month base

deposit rate rose by 45bps to 3.33%). However, the saving deposit interest rate was lowered by 9bps to 0.72%. All changes

were effective from 21 December.

08-Dec The PBoC raised the reserve requirement ratio for deposit money banks by 1ppt to 14.5% (effective from 25 December)

10-Nov The PBoC raised the reserve requirement ratio for deposit money banks by 0.5ppt to 13.5% (effective from 26 November)

13-Oct The PBoC raised the reserve requirement ratio for deposit money banks by 0.5ppt to 13.0% (effective from 25 October)

14-Sep The PBoC raised the 1-year base lending rate from 7.02% to 7.29% and the 1-year base deposit rate from 3.60% to 3.87%

(effective from 15 September)

06-Sep The PBoC raised the reserve requirement ratio for deposit money banks by 0.5ppt to 12.5% (effective from 25 September)

21-Aug The PBoC raised the 1-year base lending rate  from 6.84% to 7.02% and the 1-year deposit rate from 3.33% to 3.60%

(effective from 22 August).

30-Jul The PBoC announced to raise the reserve requirement ratio for deposit money banks by 0.5 percentage point to 12.0%

(effective from 15 August).

20-Jul The PBoC raised the 1-year base lending rate from 6.57% to 6.84% and the 1-year deposit rate from 3.06% to 3.33%

(effective from 21 July).

18-May The PBoC announced to raise the reserve requirement ratio for deposit money banks by 0.5 percentage point to 11.5%

(effective from 5 June).

The PBoC raised the 1-year base lending rate from 6.39% to 6.57% and the 1-year deposit rate from 2.79% to 3.06%

(effective from 19 May).

29-Apr The PBoC announced to raise the reserve requirement ratio for deposit money banks by 0.5 percentage point to 11.0%

(effective from 15 May).

05-Apr The PBoC announced to raise the reserve requirement ratio for deposit money banks by 0.5 percentage point to 10.5%

(effective from 16 April).

17-Mar The PBoC raised the 1-year base lending rate from 6.12% to 6.39% and the 1-year deposit rate from 2.52% to 2.79%

(effective from 18 March).

16-Feb The PBoC announced to raise the reserve requirement ratio for deposit money banks by 0.5 percentage point to 10.0%

(effective from 25 February).

05-Jan The PBoC announced to raise the reserve requirement ratio for deposit money banks by 0.5 percentage point to 9.5%

(effective from 15 January).

 

Table 1.  The BPoC’s monetary measures in 2007. 
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This paper analyzes the effects of removing price limits and term structure upon

order-submission behaviors in IPOs. Many Emerging markets impose limits on

trading prices within a trading day to prevent the market from overreaction, especially

in IPOs market. With a sample of Taiwan IPOs, the deregulation of price limits in first

five trading days offers us an opportunity to insight into how the price limits affect

investors’order behaviors. Besides, two anomalies in the pricing of IPOs are well

documented: the short-run underpricing and the long-run overpricing phenomenon.

Thus ,we propose the term structure effect on order-submission behaviors similar to

pricing behaviors in different periods and then examines above effect how to affect

order-submission behaviors . Our findings are: (1) the previous information indicators

of limit order book significantly affect order aggressiveness of market participants in

IPOs market; (2)the term factor slightly affect order submission behaviors;(3)

removing price limits decreases the degree of relationship between information

contents and order aggressiveness.

Keywords: Initial Public Offerings; State of the Limit Order; Price Limits; Initial

Return; Long-Run Performance
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1 Introduction

Over the years, numerous studies have documented the short-run underpricing

phenomenon of initial public offerings IPOs. For example,Rock (1986) argues that

IPOs are underpriced to provide incentives for uninformed investors to bid for shares.

Underpricing mitigate the impact of the lemons problem for uninformed traders.

Interestingly, extant literatures have corroborated that the market participants monitor

the limit order book changes, which provides the maximum amount of real-time

information, to revise their fundamental valuation of assets. The investors capture the

information content of limit order book to assist themselves to valuate risky assets and

then to make order submission decisions. In extreme information asymmetry in IPOs

markets, the state of limit order book should play a critical role for order-submission

behaviors of market participants. However, existing studies never discuss the

order-submission behavior in IPOs market. Therefore, this paper serves as a first

attempt to address the dynamic dependences between state of limit order book and

order-submission behaviors in IPOs market.

Furthermore, the advocates of stock price limits claim that the limits provide a

cooling-off period to counter overreaction. Price limits offer the market a break to

reassess the fundamental value of assets. However, the critics argue that the limits

bring the spillover in volatility, the delay in price discovery, the decrease in liquidity
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and magnet effect. Especially, underpring of IPOs stems from market behaviors, thus

it is important for policy makers to understand the cooling-off function of price limits

disciplining the overreacted market. Up to now, very few of studies have focused on

the effect of price limits on order submission behaviors in IPOs market. Nevertheless,

only structure change of price limit offers a unique opportunity to gain further insight

into the cooling-off hypothesis. In Taiwan, removing price limits was put into practice

since March 2003. IPO trading between the offering date and the subsequent five

trading days is not restricted by price limits. Thus we investigate whether public price

limit policies change the order-submission behaviors of market participants.

Pettway and Kaneko (1996) inspect whether trading mechanisms change of IPOs

can reduce the level of initial returns in Japanese IPOs. They find the changes of

removing price limits significantly reduces the level of initial returns. These results

are important to all IPO markets, especially in developing countries, as the Japanese

experience with new pricing regimes that allow assessments of the market price prior

to setting the offer price resultes in a significant reduction in underpricing. Although

the effect of removing price limits upon underpricing of IPO issues is still without

strong theory to explain, according to the conclusions of Pettway and Kanebo (1996),

we suggest that removed price limits could also influence order-submission behaviors.

Our analysis was done in three stages, and allowed us to perform such an
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interesting investigation.

First stage examines whether information indicators from limit order books

affect order aggressiveness.Second stage is to analyze whether order-submission

behaviors performing between initial period and regular period of IPOs stocks are

difference to market participants. Since there are two anomalies in the pricing of

initial public offerings (IPOs) of common stock, i.e. the short-run underpricing

phenomenon and the long-run overpricing phenomenon, the term effect maybe

presents different order-submission behavior. In the third stage, due to the policy

change of removing price limits in initial five trading days after issuance, we examine

whether price limits make order-submission behaviors difference.

For analyzing the effect of removing price limits, we control the term effect on

order-submission behaviors to isolate the price limits effect. Similarly, for analyzing

the term effect, we should control the effect of removing price limits on

order-submission behaviors to isolate term effect.

This article is organized as follows. In Section 2, we review the literature and

develop the hypotheses. Section 3 characterizes the trading mechanism , price limits

in Taiwan Stock Exchange market and data source. Section 4 describes the

methodology. Section 5 presents empirical results, and section 6 concludes the paper.
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2 Literature review and testable hypotheses

2.1 Order-submission behaviors

In empirical literature of order-submission behaviors, we can classify three

research directions. First, researchers try to investigate the information content of

limit order book. Biais et al. (1995) offer an empirical analysis of supply and demand

of liquidity and examine the interaction between the order book and order flow in the

Paris Bourse. Hasbrouck (1991a, 1991b) examines the information indicators of limit

order book. Cao et al. (2005) suggest that traders take ad vantage of available

information on the state of the book. Ahn et al. (2001) analyze the interaction between

transitory volatility and order flow composition to shed light on the role of limit

orders in liquidity provision in a limit order market.

Second, researchers try to examine the determinant of order strategy or order

aggressiveness in limit order book. Al-Suhaibani and Kryzanowski (2001) show that

the probability of placing a market order is negatively related to the inside spread and

order size, and is positively related to order imbalance and previous same-side market

orders. Ranaldo (2004) show that patient traders become more aggressive when the

own (opposite) side book is thicker (thinner), the spread wider, or the temporary

volatility increases. Chan (2005) show that as traders become more aggressive in

buying and more patient in selling after previous positive stock return. And, the
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widening of the spread also causes traders to place less aggressive orders. Frey and

Grammig (2006) suggest that adverse selection costs and liquidity supply are

inversely related in a limit order market.

Third, researchers try to show that the order-submission behaviors of individual

trading processes are significant dynamic interdependence. Hedvall et al. (1997) show

that clear asymmetries were identified for various trade categories suggesting

differences between the order submission of buyers and sellers using a limit order

book. Coppejans and Domowitz (2002) show that in regard to particular order book

variables, trades’behaviors are quite different from the arrival rate of trades, limit

orders and cancellations. Escribano and Pascual (2006) test whether ask and bid

quotes respond symmetrically to trade-related shocks, and examine whether

buyer-initiated trades and seller-initiated traders are equally informative. Hall and

Hautsch (2006) use the arrival rate of market orders, limit orders and cancellation

orders on both sides of the market to investigate the determinants of order

aggressiveness in a limit order market.

Whereas the majority of existing empirical studies have focused on secondary

stock markets in the direct link between the state of limit order book and the

subsequent order aggressiveness, very little attention has been paid to IPOs markets.

In a circumstance with asymmetric information, like IPO pricing process, obtaining
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information from limit order book may be helpful to adopting order-submission

strategy. Rock (1986) suggest that informed institutional investors gain a larger

allocation of stronger IPOs and leave uninformed investors a disproportionate share of

weaker IPOs , hence IPOs companies use underpricing to compensate uninformed

traders for adverse selection risk. Benveniste and Spindt (1989) argue that

underpricing exists to compensate regular investors for revealing truthful information.

Previous studies have examined the relationship between the public information

content of limit order book and the subsequent order aggressiveness (see, Biasis et al,

1995; Ahn et al., 2001; Al-Suhaibani and Kryzanowski, 2001; Ranaldo, 2004; Chan,

2005). Regarding the related literature, we characterize several observable

information indicators from the public screen information of the limit order book as

below:

A. Prior Order aggressiveness

Al-Suhaibani and Kryzanowski (2001) document that the history of trade pattern

may provide information to incoming traders and may affect the order flow. They

show the positive correlation between past and current market orders. Extension of

the theory of order splitting and the probability of order execution,1 we suggest that

1 Biasis et al. (1995) suggest that the positive autocorrelated order aggressiveness come from
executing the strategic order splitting by informed traders in order to reduce the price impact causing
from private information. Another explanation about the probability of order execution, Parlour (1998)
suggest that after the opposite side market orders consume the depth of the own side quotes, the
probability of submitting the own side order increases, and then the own side traders are willing to
submit limit order.
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the increasing order aggressiveness of the opposite side increases signal the traders

that their counterparts are likely to be informed traders, and then they hesitate to trade.

Hence, we expect that the stronger the past order aggressive of the own side is, the

stronger the current order aggressive becomes; the stronger the past order aggressive

of the opposite side is, the weaker the current order aggressive become. Therefore, we

propose a hypothesis as follows.

Hypothesis 1: An increase of prior order aggressiveness on the bid (ask) side
increases the order aggressiveness on the bid (ask) side and decrease the order
aggressiveness on the ask (bid) side.

B. Timeframe

Nyholm (2003) empirically show that the estimated probability of informed

trading is larger in the morning than in the afternoon. From a perspectives of private

information ,Hong and Wang (2000) extend the literature for testing why trading is

clustered at the open and the close. Madhavan (1992) considers traders with diverse

information concerning the value of an asset at the onset of trading.2 Handa and

Schwartz (1996) show that the non-execution cost force the traders to trade by market

order at the end of a trading window. Those studies are consistent with the U-shaped

pattern. Some researchers document that the intraday width of bid-ask spreads follows

a U-shaped pattern, where spreads are widest after the open and before the close.

2 Brock and Kleidon (1992) show that accumulation of overnight information may force shifts
informed trader’s holdings at the open.
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They attribute intraday spreads to variation in the costs of adverse selection.3

Accordingly, we suggest that informed traders are more aggressive at the open and the

close and less aggressive at the middle time of trading period. Therefore, the

following hypothesis is proposed.

Hypothesis 2: The traders are more aggressive at the open and the close and less

aggressive at the middle time of trading period.

C. Price Volatility

Up to the present, the volatility effect on the order flow is a controversial issue.

According to Foucault’s point (1999), price volatility is one of the main

determinants of placement order decision. More limit market orders are placed when

asset price volatility increases. Furthermore, Ranaldo (2004) finds the higher price

volatility decreases the order aggressiveness. However, Harris (1998) and Handa et al.

(2003) show that higher fundamental volatility reduces the attractiveness of limit

orders, for volatility increases limit order option values. Al-Suhaibani and

Kryzanowski (2001) argues that buyers (sellers) are more likely to submit market

(limit) orders as the transient volatility increases. Thus we suggest that higher

3 McInish and Wood (1992) show information can explain partially the reverse J-shape. Admati and
Pfleiderer (1988) suggest that diverse private information caused trading clusters around the trading of
privately informed traders, which offers an explanation for the observed reverse-J pattern. Cyree and
Winters (2001) suggest private information may have a role in the size and shape of the observed
reverse-J patterns. Brock and Kleidon (1992), and Lee et al. (1993) document that spreads are widest
immediately after the open and immediately preceding the close. Chung et al. (1999) suggest that
intraday pattern largely reflects the intraday variation in spreads established by limit-order traders.
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volatility increases adverse selection risk and decreases subsequent order

aggressiveness in an asymmetric information market. Therefore, investors would like

to place market orders. A hypothesis is

Hypothesis 3: The more drastic the past price volatility is, the more aggressive

(patient) the sellers (buyers) become.

D. Trading Volume

Trading volume has been the traditional link between trading activity and stock

market returns.4 Lee et al. (1993) present empirical evidences that market depth is

negatively correlated with volume. Ahn et al. (2001) also show that an increase in

trading volume drives down the market depth. The higher trading volume signals

uniformed traders the advent of information into the market. Therefore, uninformed

traders become more aggressive after observing larger trading volume. A proposed

hypothesis is

Hypothesis 4:The increase of past trading volume increase(decrease) the order

aggressiveness on the bid (ask) side.

E. Momentum factor

Uninformed traders observe the price movements to revise the trading strategy5,

4 Studies focus on the impact of information events on trading activity.(see, Stickel and Verrecchia,
1994; Lo and Wang, 2000).
5 Ahn et al. (2001) and Chan (2005) investigate the relations between previous price movements and

723



12

because they recognize that private information owned by informed traders are

gradually revealed through trading, which results that the prices are under reaction. In

this reason, the uninformed trader tends to adopt momentum strategy to buy more

aggressively when its price rises or to sell more aggressively when its price falls.6

However, some of studies find that price changes in short-term are negatively

autocorrelated ,which is known as the overreaction of stock prices .As a result, a

contrarian strategy can exploit negative serial dependence to gain more profit .(see,

Lo and Mackinlay, 1990; Jegadeesh, 1990; Lehmann, 1990). We therefore propose the

following hypothesis.

Hypothesis 5:The increase of past price movement increase(decrease) the

order aggressiveness on the bid (ask) side.

F. Order Imbalance

The pending volume in the limit order book implied the execution probability to

market participants. Ranaldo (2004) show that patient traders become more

aggressive when the own (opposite) side book is thicker (thinner). Chan (2005)

provides the evidence that the previous change of orders in one side is negatively with

the current change in the same side for the best five limit order quotes. More existing

studies, analyzing the link between the information of trading activity and a trader’s 

order placement strategies. They confirm that traders become more aggressive in buying and more
patient in selling after observing the previous positive stock return.
6 Hong and Stein (1999), Daniel et al. (1998) and Barberis et al. (1998) provide behavior models to
analyze momentum strategy due to the psychology biases of traders dominating the direction of stock
price.

724



13

strategy, have only focused on the volume in the limit order book. However, Chordia,

Roll and Subrahmanyam (2002) suggest that order imbalances convey some

information besides volume. They find that order imbalances are significantly

associated with changes in liquidity, after controlling for volume. Kyle (1985)

suggests that the large order imbalance in the former case should have a greater

impact on price because it could signal private information. Hence, Al-Suhaibani and

Kryzanowski (2001) show that order imbalance can affect the probability of executing

the limit order, and then influence the trader’s decision. In this paper, the order

imbalance, the relative proportion of the volume in sell side book to the sum of

volume in the buy and sell side book, is a proxy of the execution probability by

simultaneously combining the sell and buy side.7 As extreme higher (lower) order

imbalance, uninformed traders view it as a unfavorable (favorable) signal of the

asset’s fundamental value, so sellers become more aggressive (patient), but buyers

become more patient (aggressive).We therefore propose the following hypothesis.

Hypothesis 6: The extremer the past order imbalance is, the more aggressive

(patient) the sellers (buyers) become.

G. Bid-ask Spread

The bid-ask spread provides the uninformed traders with a proxy of the

information asymmetry (see, Madhavan, 1992; Glosten, 1994; Handa et al., 2003).

Empirically, Lee et al. (1993) and Biasis et al. (1995) find that liquidity providers are

sensitive to change in the risk of information asymmetry and manage this risk by

7 The pending volume in the limit order book implied the execution probability to market participants.
Ranaldo (2004) and Chan (2005) show that patient traders become more aggressive when the own
(opposite) side book is thicker (thinner). However, Chordia et al (2002) and Kyle (1985) suggest that
order imbalances convey some information, regardless of volume. They find that order imbalances are
significantly associated with changes in liquidity, after controlling for volume.
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using bid-ask spread.8 Therefore, a hypothesis is formulated as follows.

Hypothesis 7: The higher the past bid-ask spread, the lower the aggressiveness

in ask and bid side.

H. Speed of the Trading Process

We define that the speed of the trading process is the waiting time between

subsequent call auctions. While the speed (waiting time) of the trading process is

lower (longer), the immediacy value of submitting market order is higher and traders

become more aggressive. Ranaldo (2004) and Easley and O’Hara (1987) agree that

no-trading moments are a kind of information. He also provides the evidence to

support a positive relationship between order aggressiveness and the waiting time of

the order process. Hence, we expect that the lower speed the trading process is, the

stronger the order aggressive become. Thus, a hypothesis is describes as following.

Hypothesis 8: The decrease of the past waiting time increase (decrease) the

order aggressiveness on the bid (ask) side.

2.2 Pricing anomalies of IPOs

Numerous studies have documented two anomalies in the pricing of initial public

offerings of common stock: (1) the short-run underpricing phenomenon, and (2) the

8 Chung et al. (1999), Ranlado (2004) and Chan (2005) examine how a trader’s order aggressiveness
responds to a change of the bid-ask spread size. They find that the wider the spread, the weaker the
order aggressiveness.
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long-run overpricing phenomenon. There is a significant positive initial return in IPOs

measured by the difference between offering and market price at the end of the first

trading day. 9 In the long run ,after going public ,these firms significantly

underperformed, where the holding period return is measured by the difference

between the closing market price on the first day of public trading and the market

price on the 3 anniversary.10

Several hypotheses have been offered in answer to this phenomenon. It is fair to

say that no single hypothesis has received overwhelming empirical support to reject

other reasonable explanations. Rock (1986) argues that IPOs are underpriced in the

short run to provide incentives for uninformed investors to bid for shares. Benveniste

and Spindt (1989) argue that underpricing exists to compensate uninformed investors

for revealing truthful information. The long-run poor performance of IPOs has also

been documented for other markets and other times.11 Particularly, Ritter (1991),

Lerner (1994), Loughran and Ritter (1995, 2000), Baker and Wurgler (2000), and

Hirshleifer (2001) offer behavioral explanations for poor performance subsequent to

equity offerings. They suggest that stock prices periodically positively diverge from

9 Stoll and Curley (1970), Carter and Manaster (1990), Miller and Reilly (1987), Ritter (1984, 1987),
Tinic (1988) and Ibbotson, Sindelar, and Ritter (1988) provide evidences to support the anomaly of the
short-run underpricing of IPOs
10 Ritter (1991, 1998), Loughran and Ritter (1995, 1997), Spiess and Affleck-Graves (1995, 1999), Lee
(1997) and Schultz (2003) shows that initial public offerings underperform relative to indices and
matching stocks in the three to five years after going public.
11 Keloharju (1993), Levis (1993) and Lee, Taylor, and Walter (1996) how poor long-run performance
in international IPOs market.
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fundamental values stemming from overly optimistic investors, namely, fads and

over-optimism.

Based on the combined effect of the short-run and long-run pricing anomalies of

IPOs, we try to examine whether market participants outweigh the regular sensitivity

of order-submission behavior on order book information than the initial one. We show

whether the term effect of order-submission behavior exist on IPOs market, like

pricing behaviors. Therefore, a testable hypothesis is proposed as

Hypothesis 9: The order-submission behaviors in initial period are more

aggressiveness than in regular period.

2.3 The effects of price limits

Policy makers set a ceiling and a floor for the price to move within a trading day

to provide a cooling period. However, researchers show that price limits accompany

several adverse effects.

First, spillover in volatility: Fama (1989) argues that price limits prevent

immediate corrections in order imbalances ,then result in volatility spillover effects.12

Second, delay in price discovery: Fama (1989) suggests that price limits prevent price

from reacting to new information and reaching the new equilibrium level.13 Third,

decreasing in liquidity: Telser (1989), Fama (1989) and Lehmann (1989) suggest that

12 This adverse effect is empirically supported by Kuhn et al. (1991) and Kim and Rhee (1997).
13 This adverse effect is empirically supported by Lehmann (1989) and Lee et al. (1994).
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while the stock price hits price limits, the stock becomes less liquid.14 Fourth, magnet

effect: Subrahmanyam (1994) suggests that the asset price accelerates toward the

price limits as it gets closer to the price limits. 15 Pettway and Kaneko (1996) find

that removing price limits in the IPO pricing mechanism of Japan reduce the level of

initial returns significantly.

Therefore, we suggest that there is much closer relationship between information

indicators and order aggressiveness when the price limits exist.

Hypothesis 10: Removing price limits decreases the degree of relationship

between information indicators and order aggressiveness.

3 Market structure and data source

3.1 Structure of the Taiwan Stock Exchange

This section describes the dataset details about the Taiwan Stock Exchange and

some stylized facts of the data. The centralized trading system of the Exchange uses a

periodic batch process to match the order and to automatically determine the market

clearing price that maximizes the trading volume in each call auction under price and

time priorities. Besides, to enhance the liquidity, transparency and efficiency of

14 This adverse effect is empirically supported by Lee et al. (1994).
15 This adverse effect is empirically supported by Arak and Cook (1997), Huang, Fu, and Ke (2001),
Cho et al. (2003) and Chan et al. (2005). Ma, Rao, and Sears (1989a, 1989b) show that magnet effect of
price limits is consistent with the overreation hypothesis in that investors tend to overreat to new
information. Chen (1998) and Kim and Rhee (1997) show that magnet effect of price limits is
consistent with information hypothesis in that stock prices in the overnight perod following limit
moves tend to continue the original trend preceding limit moves.
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securities trading, the mechanism develops market information closure system.

During trading hours, investors may obtain real-time trading information of the limit

order book from the electronic quotation display in board rooms and computer system

of the securities brokers.

In the Taiwan Stock Exchange, there are no specialists or dealers; hence

investors must place orders in the computerized market through brokers. The

consolidated limit order book environment only accepts limit orders. Traders

submitting limit orders must specify price, sign, and quantity. Transactions occur

when a trader on the opposite side of the market hits the quote. Trading is continuous

call auction in the regular trading session from 9:00 a.m. to 1:30 p.m., Monday

through Friday. Lee et al. (2004) define the best quotes as the highest unexecuted bid

price or the lowest unexecuted ask price after each call auction , and the marketable

buy (sell) limit order as buy (sell) orders at or above (below) the best ask (bid) of

the previous call auction. However, not every marketable order is instantly executed

during the auction. Thus, the standard market order which buy (sell) a given quantity

for immediate execution at the current market price, without specifying it is not

accepted by this system. For immediacy, traders place marketable limit orders.

Buy/sell orders are in standard unit or multiples of standard units. One trading unit is

1,000 shares to all listed stocks.
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3.2 Price limits background

The Taiwan Stock Exchange has imposed daily price limits since it was establish

in 1962. Daily price limits were set at 5% for most of the time period before 1989.

Starting from October 11, 1989, daily price limits were relaxed to 7% for both upward

and downward movements. Stocks cannot be traded at prices 7% higher or 7% lower

than offer price or the proceeding closing price. The 7% price limit imposed all stocks

both for primary and secondary market. For efficiency in IPOs trading, the article of

7% price limits was deregulated for initial 5 trading days of IPOs stocks from March

2004. Thus, the maximum daily price variation is 7% from the closing prices of the

previous trading day for the sample period before March, 2004 and is infinite after

March, 2004.

3.3. Data source

The data used in this study are drawn from the Taiwan Economics Journal

database. All the information in our dataset is available to market participants in real

time through computerized information dissemination systems and all brokers are

directly connected to the system.

Our sample consists of 80 IPOs stocks issued between March 2003 and March

2005. All samples are divided into two groups as matched data according as samples

are issued before or after March 2004. The dataset contains the history of the limit
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order book for the eighty stocks in the TSEC for 185 trading days after going to

public. The policy of removing price limits for IPOs for first 5 trading days was put in

practice from March 2004. That is the reason why we choice the sample period

between March 2003 and March 2005. As a result, there are forty /forty IPOs samples

issued before/after March 2004.

For each transaction, the dataset reports stock code, the time of execution, the

execution price, the volume in number of shares exchanged, the trading time, the best

five bid and ask prices and the number of shares demanded or offered at each of the

five bid and ask quotes. For each auction revision, the dataset reports the stock code,

time of auction, execution price, volume in number of units of 1000 shares exchanged,

the best five bid and ask prices and the number of units of 1000 shares demanded or

offered at each of the five bid and ask quotes. In each observation, we generate the

variables required to examine the model.

4. Methodology

4.1 variable definition

According the database, we generate the variables employed to our model. The

definition of variables includes prior order aggressiveness, trading volume,

momentum factor, relative spread, speed of the trading process, timeframe, order

imbalance. The following definitions of the explanatory variables ( 1tx ) in limit order

book are constructed in the analysis:
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A.Order Aggressiveness

The call auction in an order-driven market is that the trading system periodically

ranks all buy orders by the setting price from the highest to the lowest and all sell

orders by the setting price from the lowest to the highest, and then match both side

orders by maximizing accumulated order volume. During each call auction, a plenty

of orders are entered into the trading system and stored to match in auction period. We

try to integrate the order aggressiveness of all orders in each auction to represent all

market traders’willingness.

In first stage, we investigate how the information indicators of the limit order

book at time 1t auction affect the incoming traders’order aggressiveness in the

subsequent auction at time t . The order aggressiveness definition which we follow in

literatures (see, Ranaldo, 2004; Hall and Hautsch, 2006) is that the buyers (sellers) set

the higher (lower) price *
,tbP ( *

,taP ) of limit order and then have the higher chances to

successfully execute orders .That results in a lower non-execution opportunity cost.

We simultaneously consider the interactive change in number of orders among the

best five quotes and trading prices to capture the shifting behavior of all orders. Thus,

the fifteen calibrations are applied to measure the degree of the market aggregate

order aggressiveness from all market participants in screen system. This is a spectrum

of order aggressiveness from aggressively submitting to aggressively canceling. The
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following as the fifteen calibrations definition according the price setting *
,tbP ( *

,taP ) of

limit buy (sell) orders:

For buy side:
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For sell side:
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where 1, tqbid ( 1, tqask ) is the best thq bid (ask) queue at time 1t .

The order aggressive calibration follows that the more aggressive, the smaller

calibration. Yet, we can’t observe the quotes below (above) the best fifth bid (ask), so

the unobservable orders are substituted by the canceling orders. 16 Intuitively,

canceling the higher (lower) price order of limit buy (sell) order is more willing to

forego trades than canceling the lower (higher) price of limit buy (sell), so canceling

the limit buy (sell) order of the best first bid (ask) are most aggressive to forego

trades.

In literature, researchers study the sequential order-driven markets, so it is

unnecessary to integrate the order aggressiveness of all order. In order to obtain the

16 Hall and Hautsch (2006) model the most aggressive market orders, limit orders as well as
cancellations to study the determinants of order aggressiveness.
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market aggregate order aggressiveness in each call auction, we standardize the order

aggressiveness of both sides by rounding up the weighted average value of order

aggressiveness. The market aggregate order aggressiveness ( MAOA )for i side at

time t as below:

14

, , ,
0

Wi t i j t
j

MAOA round j


 
  

 
 ,

ti

tji
tji TNOA

NOA

,

,,
,,W  , sellbuy,i side.

where tjiNOA ,, is the number of orders for submitting or canceling order in order

aggressiveness calibration j ,
14

, , ,
0

i t i j t
j

TNOA NOA


 and 0, 1, . . . . , 14j  .

Therefore, prior order aggressiveness of own side and opposite side is defined as:

Sellers: 1, tsellMAOA

Buyers: 1, tbuyMAOA

B. Trading Volume:

1tVolume = trading volume in the auction at time 1t .

C. Momentum Factor:

2

21
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E. Speed of the Trading Process:
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4.2 Ordered Probit Regression

We follow the method of Ranaldo (2004), who used ordered probit regression to

analyze order aggressiveness in a continuous market. In ordered probit regression, the

observed tbuyMAOA , ( tsellMAOA , ) denotes outcomes representing the market

aggregate order aggressiveness categories of the buy (sell) side. For each of the

sample stocks, the observed response is modeled by considering a latent variable *
,tiy

that depends linearly on the explanatory variable 1tx :

tiitti xy ,1
*
,   sellbuy,i

where ti, is a random variable. The explanatory variables 1tx of the limit order

book include order imbalance, spread, price movement, price volatility, speed of the
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trading process, trading volume, timeframe, and prior order aggressiveness. The

observed category for tbuyMAOA , ( tsellMAOA , ) is based on *
,tbuyy ( *

,tselly ) according

to the rule:

*
, ,1

*
,1 , ,2

*
, ,2 , ,3

*
,14 ,

0 if
1 if
2 if

14 if

i t i

i i t i

i t i i t i
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y
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y


 
 



 
    







sellbuy,i

This study emphasizes that the actual values chosen to represent the categories in

tiMAOA , are completely arbitrary. The model requires the larger category values to

correspond to larger values for the latent variable. The probabilities of observing each

value of iMAOA are thus given by:

   itiiitti xFxMAOA  11,1, ,,0Pr  

     itiitiiitti xFxFxMAOA  11,12,1, ,,1Pr  



   itiiitti xFxMAOA  110,1, 1,,10Pr  

where F denotes the cumulative distribution function of ti , . The threshold values

i are estimated along with the i coefficients. Furthermore, estimates of i and

i are obtained by maximizing the log likelihood function using standard iterative

methods:
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Besides, in order to controlling the period factor between the short run and the

long run, we produce a dummy variable D, which takes the value of 1 when the

observations in initial five trading days, and takes the value of zero when the

observations within the 6th day and the 185th day.

5 Empirical Findings

5.1 Descriptive statistics

Table 1 presents 40 IPOs stocks with initial price limits listed before March 2004

for the order aggressiveness and market depth averaged over 185 trading days after

going to public. Notably, the sellers frequently submit a limit order by a specified

price between the best and second best ask prices (Average MAOAsell=4.91), and the

buyers frequently submit a limit order at a specified price between the second and

third best bid prices (Average MAOAbuy=5.15). Additionally, the highest average

depths of the quotes are the best second quotes from the queues on sell side and the

best first quotes on buy side. (Average N.ASK2=97 units and N.BID1=217 units)

Table 2 presents 40 IPOs stocks without initial price limits listed after March 2004 for

the order aggressiveness and market depth averaged over 185 trading days after going

to public. The sellers frequently submit a limit order by a specified price between the

best and second best ask prices (Average MAOAsell=4.93), and the buyers frequently
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submit a limit order at a specified price between the second and third best bid prices

(Average MAOAbuy=5.16). The highest average depths of the quotes are the best third

quotes from the queues on sell side and the best first quotes on buy side. (Average

N.ASK3=57 units and N.BID1=75 units)

Panel A of Table 3 describes the characteristics of the limit order book for IPOs

stocks with initial price limits and Panel B of Tables 3 describles for IPOs stocks

without initial price limits. The average Rspread 0.66% for IPOs stocks with initial

price limits and 0.61% for IPOs stocks without initial price limits, respectively,

exceed that of the SWX market, which Ranaldo (2004) showed to be 0.17%. This is

not surprising since the sample stocks are smaller than those of the SWX. The average

OI (order imbalance) is 0.49 for IPOs stocks with initial price limits and 0.5 for IPOs

stocks without initial price limits, respectively, meaning that the buy depth slightly

equals the sell depth. The Momentum factor is 0.34% for IPOs stocks with initial price

limits and 0.23% for IPOs stocks without initial price limits, respectively, meaning the

short-term returns are positive. Furthermore, the average Speed is 90 seconds for IPOs

stocks with initial price limits and 111 seconds for IPOs stocks without initial price

limits, respectively. The trades frequently occur at 10:00A.M. to 10:30A.M. and

12:00A.M. to 0:30P.M. for all IPOs stocks (Timeframe=2.6).

Table 4 lists the unconditional relative frequencies of the 15 order strategies over
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the sample period for sellers and buyers of IPOs stocks with initial price limits,

respectively. The 14 value of the MAOA means that buyers (sellers) use the most

aggressive forgoing order strategy. The 0 value of the MAOA means that buyers

(sellers) use the most aggressive trading order strategy. This study observes that

sellers frequently use strategies 2, as the relative frequencies are 25.2% and buyers

also often use strategies 2, as the relative frequencies are 23.5%. Table 5 lists the

unconditional relative frequencies of the 15 order strategies over the sample period for

sellers and buyers of IPOs stocks without initial price limits, respectively. The sellers

frequently use strategies 2, as the relative frequencies are 24.5% and buyers often use

strategies 2 and 4, as the relative frequencies are 21.7% and 24%, respectively.

The results is different from those of Wang et al.(2008a).In their findings ,the

strategies that sellers and buyers frequently use are limit order book, not marketable

order book. Thus, investor’best strategy in IPO market is marketable order book,

otherwise they would incur non-execution risk.

5.2 Regression Results

We show the estimates of the ordered probit regressions of the market aggregate

order aggressiveness of both sides for each of the 80 IPOs stocks listed between

March 2003 and March 2005, by the high frequency data of the 185 trading days in

Table 6, where we report average coefficient estimates of buy and sell side events
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separately. The results of 185 trading days represent “regular order-submission

behaviors”, and the results of 5 trading days represent “initial order-submission

behaviors”.

For regular order-submission behaviors, we firstly discuss the results of the sell

side in Table 6. 63 of 80 stocks (79%) are significant positive coefficients of the prior

MAOAsell, a finding that supports the conclusions of Biasis et al. (1995) that the order

aggressiveness of the same side is positively autocoreelated. 29 stocks (36%) exhibit a

significantly negative coefficients of the prior MAOAbuy. Since higher opposite side

order aggressiveness signals to sellers that their trading counterparts are likely to be

informed buyers adopting the order splitting strategy, sellers will become more patient.

The results demonstrate that the coefficients of the Volume variable for 76 out of 80

stocks (95%) are significantly negative. This is consistent with the results of Ahn et el.

(2001) who find increased trading volume drives down market depth.

Furthermore, Table 6 reports that market sellers are momentum traders in 58 of

80 stocks (73%) significantly positive coefficient. The significant positive coefficient

of the Rspread variable in 30 out of 80 stocks (38%) supports the hypothesis that

order aggressiveness weakens with increasing spread. This evidence is consistent with

the conclusions of Chan (2005) and Lee et al. (1993). 43 of 80 stocks (54%) exhibit a

significantly negative coefficient of the Speed variable. The result is consistent that
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the lower speed (longer waiting time) of the trading process, the immediacy value of

submitting market order is higher and traders become more aggressive.

26 of 80 stocks (33%) have significant negative coefficient of the Timeframe

variable. The results on the Timeframe variable are slight inconsistent with our

predictions, which combine the conclusion of Madhavan (1992) that traders with

diverse information concerning the value of an asset trade aggressively at the open

with that of Handa and Schwartz (1996) that non-execution cost forces traders to trade

using market order on the market close. Finally, 73 of 80 stocks (91%) listed Table 4

strongly support the information effect of the order imbalance (OI) on the order

aggressiveness of incoming traders, a result consistent with the findings of

Al-Suhaibani and Kryzanowski (2001) that patient traders become more aggressive

when the own (opposite) side book is thicker (thinner).

Besides, D dummy variable presents insignificant period factor between the short

run and the long run. More importantly, there are no significant coefficients of the

interaction of D and information variables of limit order book, except Volume. The

coefficients of the interaction of D and Volume variable for 54 out of 80 stocks (54%)

are significantly positive. Overall, the results of regular order-submission demonstrate

that the period factor between short-run and long-run upon order-submission behavior

in IPOs market is insignificant.
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The buy side results are listed in Table 6. Most explanatory variables are

consistent with our predations such as MAOAsell, MAOAbuy, Volume, Momentum and

OI. Notably, buy side evidence is weaker than that of the sell side, such as the

MAOAsell (40% in Negative Sig. 10%) and Momentum (45% in Negative Sig. 10%).

Even, Rspread, Speed and Timeframe variables are insignificant. Besides, the

coefficients of the OI factor are significantly positive for 74 of 80 companies.

Similarly, there are insignificant for all coefficients of the interaction of D and

information variables of limit order book. In conclusion, most previous information

indicators of the limit order book significantly affect the order aggressiveness of

market participants in IPOs markets in regular order submission behaviors. Those

findings of regular order submission behaviors are approximately consistent with

Hypothesis 1-8.

In this paper, we try to investigate the effect of term structure of order

submission behaviors in IPOs market, by analyzing whether regular order-submission

behaviors (for initial 185 trading days) are different with initial order-submission

behaviors (for initial 5 trading days). Furthermore, this study also attempts to analyze

the effect of removed price limits in initial five trading days for IPOs stocks. Since the

policy change of removed price limits is related to initial five trading days (for initial

period), analyzing the effect of term structure (the effect of removing price limits), we
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should control the effect of removing price limits (the effect of term structure).

Thereby, the 80 IPOs samples of “initial 185 trading days”are separated into two

groups, i.e. first group as 40 IPOs stocks with initial price limits listed before March

2004, and second group as 40 IPOs stocks without initial price limits listed after

March 2004. Table 7 and Table 8 present ordered probit regressions of the market

aggregate order aggressiveness for each stocks of first group and second group,

respectively, by the high frequency data of the 185 trading days. Most regular results

in Table 7 and Table 8 are similar to those in Table 6.

For “initial order-submission behaviors”, we show the estimates of the ordered

probit regressions of the market aggregate order aggressiveness of both sides for each

of the 80 IPOs stocks listed between March 2003 and March 2005, by the high

frequency data of the“initial 5 trading days”in Panel A of Table 9.

We firstly discuss the results of the sell side of initial 5 trading days of of 80

IPOs stocks in initial period in Panel A of Table 9. 55 of 80 stocks (69%) are

significant positive coefficients of the prior MAOAsell. The results show that the order

aggressiveness of the same side is positively autocoreelated. 26 of 80 (33%) exhibit a

significantly negative coefficients of the prior MAOAbuy. The opposite side order

aggressiveness has slightly informative signals.

However, the coefficients of the Volume variable for 18 out of 80 stocks (26%)
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are insignificantly negative. Similarly, the results on the Momentum are insignificant.

It means that Volume and Momentum are not critical information indicators of limit

order book. Sell side of Panel A of Table 9 reports uncertain results for Rspread factor,

16 of 80 (20%) stocks significantly positive coefficient and 12 of 80 (15%) stocks

significantly negative coefficient. 24 of 80 stocks (30%) exhibit a significantly

positive coefficient of the Speed variable. 34 of 80 stocks (43%) have significant

positive coefficient of the Timeframe variable. Finally, 42 of 80 stocks (53%) have

significant negative coefficient of the order imbalance (OI). The buy side results are

listed in Table 9. Several explanatory variables are consistent with our predations such

as MAOAsell, MAOAbuy, speed and OI. Similarly, buy side evidence is weaker than

that of the sell side. Even, OI and Timeframe variables are insignificant.

Likewise, the 80 IPOs samples of “initial 5 trading days”are separated into two

groups, i.e. first group as 40 IPOs stocks with initial price limits listed before March

2004, and second group as 40 IPOs stocks without initial price limits listed after

March 2004. The results of the ordered probit regressions for each of the 40 IPOs

stocks with initial price limits listed before March 2004 and the 40 IPOs stock without

initial price limits listed after March 2004, by the high frequency data of the“initial 5

trading days”, are listed in Panel B and Panel C of Table 9, respectively. Most regular

results in Panel B and Panel C are similar to those in Panel A. Those findings of initial
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order submission are also consistent with Hypothesis 1-8.

5.3 Effect of term structure upon order-submission behavior

For 40 IPOs stocks with initial price limits, Panel A of Table 10 presents the

comparison of regular order submission behaviors and initial order submission

behaviors. The information variables with shadow are originally significant sign,

whereas those without shadow are insignificant. In sell side, we can find that the

counts from 40 (regular order submission behaviors) to 13 (initial order submission

behaviors) of Volume are significantly decreasing (z-value = 6.384). The counts of

several information indicators as Momentum, Rspread, Speed and OI are significantly

decreasing, and the z-values of those are 6.085, 2.128, 4.880 and 3.748, respectively.

The counts of MAOAsell and MAOAbuy information indicators are insignificantly

decreasing. In buy side, the counts of several information indicators as MAOAbuy,

Volume, Momentum, Timeframe and OI are significantly decreasing, and the z-values

of those are 1.623, 7.191, 1.688, 2.142 and 4.583, respectively, and only MAOAsell

variable shows insignificantly decreasing.

For 40 IPOs stocks without initial price limits, Panel B of Table 10 presents the

comparison of regular order submission behaviors and initial order submission

behaviors. In sell side, we can find that the counts of seven information indicators as

MAOAsell (z-values = 1.406) Volume (6.934), Momentum (4.769), Rsperad (1.314),
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Speed (4.392), Timeframe (3.303) and OI (4.020) are significantly decreasing,

respectively, and only MAOAbuy are insignificantly increasing. In buy side, the counts

of three information indicators as Volume, Momentum, and OI are significantly

decreasing, and the z-values of those are 7.191, 2.813 and 5.157, respectively.

In conclusion, we find that sensitivity of order-submission behaviors in initial

period of IPOs stocks weakly performs that in regular period under IPOs stocks

with/without initial price limits. Those findings of Table 10 support effect of term

structure upon order-submission behavior in IPOs market, consistent with Hypotheses

9.

5.4 Effect of removing price limits upon order-submission behavior

For initial order-submission behaviors, Panel A of Table 11 presents the

comparison of 40 IPOs stocks with initial price limits and 40 IPOs stocks without

initial price limits, by the high frequency data of the initial 5 trading days. In sell side,

we can find that the counts from 32 (before March 2004) to 23 (after March 2004) of

MAOAsell are significantly decreasing (z-value = 2.171). The counts of several

information indicators as Volume, Timeframe and OI are significantly decreasing, and

the z-values of those are 2.142, 3.619 and 1.343, respectively. The counts of other

information indicators almost are insignificantly decreasing. In buy side, only

Rspread variable (z-value = 1.314) shows significantly decreasing, but other variables

748



37

almost are insignificantly decreasing.

For regular order-submission behaviors, Panel B of Table 11 presents the

comparison of 40 IPOs stocks with initial price limits and 40 IPOs stocks without

initial price limits, by the high frequency data of the initial 185 trading days. In sell

side, we can find that the counts from 34 (before March 2004) to 29 (after March

2004) of MAOAsell are significantly decreasing (z-value = 1.367). The counts of

several information indicators as MAOAsell, Volume, and Rsperad are significantly

decreasing, and the z-values of those are 1.628, 2.052 and 1.386, respectively.

Similarly, the counts of other information indicators almost are insignificantly

decreasing. Yet, the counts of Timeframe are significantly increasing. In buy side, the

counts of several information indicators as MAOAsell, MAOAbuy, and D are

significantly decreasing, and the z-values of those are 1.826, 1.879 and 1.271,

respectively.

Those findings of Table 10 support effect of removing price limits upon

order-submission behavior in IPOs market, consistent with Hypotheses 10. While

price limits in initial five days are removed, the sensitivity of state of limit order book

on order-submission is weaker. Moreover, the effect of removing price limits

influences both initial and regular order-submission behaviors.
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6 Concluding Remarks

A number of stock markets in the world restrict daily IPOs stocks price

movements by applying price limits rules. The motivation behind this imposition is to

prevent markets from overreaction and panic by providing a time-out period that

allows inventors to cool down. Pettway and Kaneko (1996) have focused on the

impact of removing price limits in IPOs market. Their results show that the policy

change reduce the initial return of IPOs stocks. This study, being the first attempt to

extend the empirical evidence to the order strategy of IPOs stocks, focuses on the

effect of removing price limits upon the order-submission behaviors. Because order

book information has a significant power in explaining trader’s order submission

behaviors, we expect that removing price limits changes the structure of

order-submission behaviors.

Besides, numerous studies have examined the two anomalies as short-run

underpricing and long-run overpricing in IPOs stocks. Since this term structure is

associated with the initial trading period, when we discuss the policy change of price

limits in IPOs market, the effect of term structure and the effect of removing price

limits should be simultaneously considered in the analysis of order-submission

behaviors.

We provide evidences of effects of removing price limits and term structure. Our
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study findings pave the way for dynamic order-submission behaviors where market

participants monitor the limit order book to adjust their order strategy under term

structure and policy changes such as removing price limits. Our analysis should be of

interest for investors and regulators who are considering the imposition or abolition of

price limits and the investment in the initial period or the regular period for IPOs

stocks.
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No Stocks Code Obs MAOAsell MAOAbuy N. Ask1 N. Ask2 N. Ask3 N. Ask4 N. Ask5 N. Bid1 N. Bid2 N. Bid3 N. Bid4 N. Bid5

1 1541 5367 5.08 4.92 6 7 9 8 6 7 8 7 8 8

2 1737 57923 4.68 4.96 124 127 133 137 142 1068 135 131 128 131

3 3056 17455 4.80 5.29 9 11 12 11 11 24 11 12 11 10

4 3060 47349 5.08 5.26 74 125 119 112 99 227 116 113 101 85

5 3061 45711 4.85 5.23 30 42 44 43 42 48 44 43 39 33

6 3062 60805 4.92 5.14 132 187 195 182 156 234 172 130 111 64

7 3063 53739 4.66 4.96 35 35 40 42 44 34 34 36 35 34

8 3231 61895 4.56 4.86 79 91 94 94 86 191 106 99 95 83

9 4119 7486 4.56 5.48 5 5 4 3 3 28 12 5 5 4

10 4526 43545 4.93 5.08 33 47 49 45 38 38 52 44 38 32

11 4532 30947 4.86 5.11 32 45 50 48 50 34 46 48 44 40

12 4906 62205 5.19 5.33 79 121 130 122 112 95 124 107 88 76

13 5434 46890 5.11 5.16 38 53 54 51 45 41 60 54 46 37

14 5469 25953 4.81 5.25 14 14 16 18 18 49 19 19 19 19

15 5471 59714 5.13 5.30 87 127 123 105 94 90 129 113 88 63

16 5484 34911 4.91 5.08 18 25 25 23 21 17 24 23 22 20

17 5515 33294 4.80 5.09 30 37 43 48 50 39 45 52 49 44

18 5608 25844 4.95 5.11 33 33 36 39 40 43 34 35 33 31

19 6012 48355 4.70 4.98 537 316 299 247 246 433 333 303 273 243

20 6112 22927 5.13 5.12 13 21 25 26 27 14 17 18 18 16

21 6117 43781 5.08 5.20 101 103 109 87 80 69 96 75 56 37

22 6119 39377 4.85 5.05 14 21 22 22 22 15 17 18 16 14

23 6128 19603 4.62 5.02 7 9 10 10 10 12 9 10 10 10

24 6133 37168 4.81 5.09 46 25 24 26 27 35 24 26 24 20

25 6136 56054 5.17 5.36 53 88 94 86 81 59 90 88 79 61

26 6139 53830 5.19 5.42 38 38 46 45 48 104 41 40 42 37

27 6141 35387 5.21 5.11 49 81 82 72 62 50 75 70 59 46

28 6142 42247 4.79 5.10 28 31 34 34 32 26 35 36 35 32

29 6145 58526 4.79 5.18 53 45 54 55 52 59 56 59 58 57

30 6165 21012 4.80 5.14 16 21 22 24 24 20 27 27 28 27

31 6168 62302 5.35 5.35 116 169 178 158 138 124 151 121 95 73

32 6269 39377 4.85 5.05 14 22 22 22 22 15 17 18 16 14

33 6277 19747 5.19 4.79 18 28 34 32 30 13 24 29 38 38

34 6282 50451 4.58 5.05 42 38 43 44 45 32 52 54 52 47

35 6285 47595 4.95 5.37 25 25 28 29 31 44 33 34 32 29

36 6289 36047 4.72 5.09 15 18 19 20 20 26 23 23 22 21

37 6505 47849 4.95 5.22 1148 1560 1368 1134 864 5053 1480 1101 842 553

38 8016 21437 5.19 5.59 9 13 16 15 13 37 13 13 11 10

39 8078 32861 4.87 5.12 29 34 37 38 38 58 35 33 28 27

40 8926 20672 4.79 4.95 48 59 63 53 46 54 81 72 58 48
39441 4.91 5.15 82 97 95 85 75 217 98 83 71 57AVG.

Table 1
Summary statistics of the order aggressiveness and market depth

for 40 IPOs stocks with initial price limits

This table presents the sample statistics of the order aggressiveness and market depth for IPOs stocks with initial price limits

averaged over the sample period. The dataset contains the history of the limit order book for the forty IPOs stocks listed in

Taiwan Stock Exchange before March 2004, for the initial 185 trading days. The Obs is the number observations over the

sample period. MAOAsell is the market aggregate order aggressive of the sell side. MAOAbuy is the market aggregate order

aggressive of the buy side. N. ASKq is the number of units of 1000 shares for the depth of the best qth ask queue. N. Bidq is

the number of units of 1000 shares for the depth of of the best qth bid queue.
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No Stocks Code Obs MAOAsell MAOAbuy N. Ask1 N. Ask2 N. Ask3 N. Ask4 N. Ask5 N. Bid1 N. Bid2 N. Bid3 N. Bid4 N. Bid5
1 2227 19477 5.06 5.39 24 32 34 32 31 591 46 48 46 40
2 3142 30964 5.08 5.55 5 5 5 5 6 29 6 6 6 6
3 3189 54662 4.87 5.17 26 39 39 39 39 40 46 43 38 37
4 3271 29347 4.65 5.32 16 11 11 12 12 127 13 15 15 16
5 3311 27890 5.17 5.31 26 35 38 37 34 44 28 26 23 18
6 3338 29659 4.85 5.17 16 24 26 28 28 109 26 27 28 31
7 3701 32307 4.31 5.24 80 51 54 50 54 82 69 61 50 36
8 4106 9070 4.96 5.03 7 9 9 9 8 9 9 9 8 8
9 4414 18377 5.37 4.86 23 35 38 33 32 12 23 28 32 33

10 5203 53609 5.25 5.44 19 29 30 29 26 22 32 31 28 27
11 5305 47129 4.93 5.22 30 47 53 55 57 39 58 63 60 54
12 5525 30620 4.91 5.25 17 25 30 31 32 20 26 29 30 28
13 5531 26339 5.11 5.24 6 7 7 7 7 63 5 6 6 7
14 5534 47970 5.05 5.25 19 26 28 31 31 37 23 26 27 27
15 5607 2931 4.63 4.51 12 13 13 12 9 11 12 12 11 10
16 6115 25871 4.91 5.17 12 15 17 18 20 42 16 17 17 17
17 6116 66462 4.83 5.17 550 893 932 857 787 894 1203 1105 981 836
18 6131 40150 5.17 5.39 31 57 59 53 46 33 55 56 48 35
19 6166 20476 4.85 5.27 7 8 9 9 8 10 9 9 9 8
20 6172 41196 4.90 5.32 23 28 31 32 32 23 37 40 42 44
21 6184 13458 4.90 5.26 9 12 13 13 13 9 13 14 14 13
22 6189 44320 5.16 5.44 53 89 83 70 62 58 82 65 54 37
23 6192 21333 5.13 4.12 10 14 14 14 13 5 7 9 10 10
24 6196 30773 5.09 5.44 16 18 19 19 17 15 22 20 17 15
25 6197 41053 4.91 5.20 10 14 16 16 17 18 15 15 15 14
26 6201 12752 5.01 5.37 7 8 8 8 8 7 8 7 8 8
27 6202 25137 4.91 5.11 13 17 20 20 21 13 17 17 16 15
28 6206 23501 5.05 4.71 8 12 12 12 11 6 7 9 9 10
29 6209 47382 5.23 5.42 19 28 32 31 30 24 29 27 25 22
30 6225 49226 4.99 5.39 20 28 31 32 30 39 33 38 38 38
31 6235 54964 4.91 5.13 26 36 39 38 37 38 45 47 43 40
32 6239 66141 5.14 5.33 137 227 247 218 195 155 235 256 267 218
33 6280 26704 4.69 5.29 7 8 9 10 10 53 10 12 13 13
34 8008 63617 4.84 5.02 56 78 72 72 63 62 74 59 51 44
35 8101 33873 4.77 4.86 29 29 31 30 29 115 31 30 28 27
36 4904 78849 4.55 4.62 92 111 101 90 81 82 98 86 76 62
37 6005 25137 4.44 4.39 13 17 20 20 21 13 17 17 16 15
38 6281 24720 4.78 5.15 9 12 12 12 13 9 14 14 12 12
39 8072 68992 5.26 5.46 12 20 24 25 27 20 21 23 23 22
40 8249 79161 4.77 5.24 15 22 27 30 33 25 31 35 36 34

37140 4.93 5.16 38 55 57 54 51 75 64 61 57 50AVG.

Table 2
Summary statistics of the order aggressiveness and market depth

for 40 IPOs stocks without initial price limits

This table presents the sample statistics of the order aggressiveness and market depth for IPOs stocks without initial price

limits averaged over the sample period. The dataset contains the history of the limit order book for the forty IPOs stocks

listed in Taiwan Stock Exchange after March 2004, for the initial 185 trading days. The Obs is the number observations

over the sample period. MAOAsell is the market aggregate order aggressive of the sell side. MAOAbuy is the market

aggregate order aggressive of the buy side. N. ASKq is the number of units of 1000 shares for the depth of the best qth ask

queue. N. Bidq is the number of units of 1000 shares for the depth of of the best qth bid queue.
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No Volume Momentum Spread Rspread Speed Timeframe OI No Volume Momentum Spread Rspread Speed Timeframe OI

1 2 -0.0004 0.3544 0.0115 213 2.5 0.55 1 3 0.0029 0.5835 0.0054 105 2.6 0.45
2 21 0.0030 0.1236 0.0031 42 2.8 0.46 2 1 0.0090 1.4273 0.0064 66 2.5 0.47
3 2 0.0141 0.2108 0.0118 166 2.6 0.48 3 5 0.0023 0.2349 0.0042 48 2.7 0.48
4 6 0.0013 0.4564 0.0077 60 2.7 0.49 4 4 0.0092 0.1428 0.0038 54 2.6 0.46
5 4 0.0037 0.3098 0.0058 64 2.7 0.48 5 3 0.0000 0.6171 0.0080 105 2.6 0.50
6 9 0.0030 0.2669 0.0054 48 2.7 0.47 6 5 0.0012 0.1191 0.0040 69 2.6 0.48
7 7 0.0048 0.1396 0.0036 55 2.7 0.50 7 4 0.0020 0.0456 0.0085 91 2.6 0.47
8 8 0.0018 0.1070 0.0038 47 2.7 0.47 8 2 0.0083 0.2382 0.0147 321 2.5 0.51
9 1 0.0050 0.4756 0.0156 391 2.5 0.47 9 3 0.0005 0.0949 0.0085 159 2.5 0.61

10 4 0.0014 0.3065 0.0062 67 2.6 0.47 10 2 0.0009 0.4999 0.0059 55 2.6 0.48
11 5 0.0028 0.1032 0.0066 95 2.6 0.49 11 6 0.0011 0.1061 0.0042 62 2.6 0.48
12 6 0.0022 0.5101 0.0073 47 2.7 0.48 12 5 0.0018 0.1267 0.0049 95 2.6 0.49
13 3 0.0003 0.5296 0.0063 62 2.7 0.48 13 2 0.0042 0.3504 0.0090 111 2.5 0.52
14 4 0.0088 0.1868 0.0067 112 2.6 0.46 14 6 0.0084 0.1634 0.0052 61 2.6 0.50
15 4 0.0021 0.5048 0.0081 49 2.7 0.48 15 9 0.0037 0.3650 0.0152 985 2.3 0.53
16 3 0.0016 0.2486 0.0054 84 2.6 0.50 16 5 0.0038 0.1343 0.0048 113 2.6 0.49
17 6 0.0052 0.1416 0.0064 88 2.6 0.48 17 58 0.0012 0.0544 0.0046 30 2.8 0.46
18 6 0.0087 0.1174 0.0067 113 2.6 0.50 18 2 0.0002 0.4512 0.0082 73 2.6 0.49
19 30 0.0043 0.0501 0.0060 60 2.7 0.48 19 2 0.0038 0.2098 0.0078 142 2.6 0.49
20 3 0.0028 0.1270 0.0087 128 2.6 0.52 20 4 0.0022 0.1379 0.0053 71 2.6 0.48
21 5 0.0014 0.4787 0.0083 67 2.6 0.50 21 2 0.0000 0.1716 0.0057 215 2.5 0.50
22 3 0.0018 0.1728 0.0041 74 2.6 0.49 22 2 0.0027 0.4490 0.0079 1 2.6 0.48
23 2 0.0004 0.2091 0.0059 149 2.6 0.50 23 2 0.0000 0.1733 0.0056 136 2.6 0.64
24 4 0.0103 0.1593 0.0063 79 2.6 0.49 24 2 0.0000 0.4131 0.0067 1 2.7 0.49
25 3 0.0011 0.5173 0.0067 52 2.7 0.48 25 3 0.0000 0.1949 0.0042 71 2.6 0.50
26 4 0.0049 0.5092 0.0053 54 2.7 0.46 26 1 0.0000 0.2299 0.0080 228 2.5 0.51
27 3 0.0014 0.4789 0.0088 82 2.6 0.51 27 3 0.0000 0.1860 0.0054 116 2.6 0.50
28 5 0.0019 0.1249 0.0043 69 2.7 0.49 28 2 0.0000 0.2617 0.0054 124 2.5 0.58
29 6 0.0039 0.1974 0.0040 50 2.7 0.47 29 2 0.0000 0.5332 0.0059 62 2.6 0.49
30 3 0.0051 0.1525 0.0073 139 2.6 0.47 30 4 0.0000 0.1023 0.0057 60 2.6 0.49
31 6 0.0011 0.4674 0.0084 47 2.7 0.49 31 6 0.0032 0.2525 0.0050 53 2.6 0.48
32 3 0.0018 0.1728 0.0041 74 2.6 0.49 32 11 0.0004 0.3504 0.0050 34 2.7 0.48
33 2 0.0024 0.8142 0.0074 116 2.5 0.56 33 3 0.0066 0.2716 0.0061 73 2.6 0.47
34 6 0.0016 0.1223 0.0034 58 2.7 0.47 34 6 0.0012 0.2970 0.0049 45 2.7 0.50
35 3 0.0029 0.5536 0.0050 62 2.7 0.48 35 8 0.0070 0.1229 0.0060 86 2.6 0.51
36 3 0.0035 0.1706 0.0048 81 2.6 0.50 36 13 0.0000 0.0625 0.0016 37 2.7 0.52
37 25 0.0009 0.4883 0.0091 41 2.8 0.47 37 3 0.0009 0.1860 0.0054 116 2.6 0.50
38 1 0.0058 1.0243 0.0074 93 2.6 0.48 38 2 -0.0001 0.1553 0.0038 88 2.6 0.50
39 3 0.0048 0.5803 0.0061 68 2.7 0.49 39 2 0.0012 0.5980 0.0041 41 2.6 0.49
40 6 0.0018 0.0683 0.0052 141 2.6 0.47 40 7 0.0012 0.1199 0.0022 32 2.7 0.47

AVG. 6 0.0034 0.3183 0.0066 90 2.6 0.49 AVG. 5 0.0023 0.2808 0.0061 111 2.6 0.50

40 IPOs stocks with initial price limits 40 IPOs stocks without initial price limits

Table 3
Summary statistics of the informaton content of the limit order book

Panel A Panel B

This table presents the sample statistics of the information content of the limit order book averaged over the

sample period. Panel A shows 40 IPOs stocks with initial price limits listed before March 2004. Panel B shows 40

IPOs stocks without initial price limits listed after March 2004. The Volume is the units of 1000 shares of the

trades in each call auction. The Momentum is the average return of the last 20 midquote returns. The Spread is the

differences between the prevailing ask and bid quotes in NT dollars. The Rspread is the spread divided by the

midquote. The Speed is the elapsed time in seconds between one auction and the next. The Timeframe is an

indicator of an auction happened in what time. It is smaller mean the trading time is close to the open or the close.

The OI is the number of units of 1000 shares on the best ask divided by summation of the number of units of 1000

shares on the best ask and the number of units of 1000 shares on the best bid.
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Stocks Code 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1541 0.0 0.3 25.5 9.4 21.1 10.5 6.1 4.8 4.8 9.6 1.1 1.5 1.5 1.8 2.0 0.2 0.5 23.8 9.1 23.0 9.2 6.0 4.5 4.8 8.0 1.6 1.8 1.6 2.3 3.5

1737 0.2 1.4 22.5 17.1 16.5 5.9 4.7 4.5 5.3 14.1 1.6 1.3 1.3 1.7 1.8 0.2 1.1 18.6 17.6 17.9 6.4 4.8 4.7 5.1 13.8 2.1 1.8 1.5 1.9 2.5

3056 0.2 2.0 27.2 10.2 19.3 7.4 5.6 4.8 5.3 11.9 1.4 1.2 1.1 1.2 1.2 0.3 1.7 22.4 11.4 21.9 8.7 5.7 4.5 5.0 11.3 1.6 1.3 1.2 1.5 1.7

3060 0.6 3.2 28.9 12.7 17.3 6.2 4.5 4.3 4.6 12.8 1.1 1.0 0.8 0.9 1.1 0.5 2.6 22.1 12.4 20.6 6.8 4.7 4.2 5.6 12.9 1.9 1.2 1.2 1.5 2.0

3061 0.0 0.4 21.3 9.6 21.5 10.0 8.2 6.0 6.1 9.8 1.3 1.0 1.2 1.5 2.1 0.1 0.7 23.6 10.3 22.0 9.5 5.6 4.9 4.6 8.9 1.4 1.5 1.8 2.1 3.0

3062 0.2 1.8 29.5 10.6 17.0 7.6 4.7 4.5 4.1 13.8 1.4 1.2 1.0 1.3 1.3 0.1 1.5 24.4 11.2 20.4 8.1 5.4 4.5 4.6 12.7 1.4 1.0 1.3 1.6 1.9

3063 0.4 2.3 37.0 9.1 18.9 6.8 4.0 3.6 3.4 9.5 0.6 0.8 0.9 1.3 1.4 0.2 1.3 22.4 10.3 23.7 8.8 5.0 3.9 3.8 12.5 1.1 1.4 1.5 2.1 2.2

3231 0.4 1.3 24.8 16.1 17.7 7.5 3.4 3.4 3.1 16.4 1.6 1.0 1.0 0.7 1.5 0.4 2.2 30.8 17.6 15.7 5.4 3.9 3.7 3.3 10.1 0.6 1.5 1.0 1.9 2.1

4119 0.0 1.3 18.0 14.5 17.8 9.2 5.0 5.1 4.8 17.0 1.4 1.0 1.5 1.7 1.5 0.5 3.3 34.4 13.3 13.2 7.5 4.7 3.4 3.6 10.5 0.8 0.9 0.9 1.3 1.6

4526 0.1 0.9 21.6 10.3 20.3 10.1 7.1 5.7 5.5 9.5 1.8 1.5 1.6 2.0 2.1 0.1 0.6 19.3 10.3 23.1 10.6 6.9 4.9 4.8 9.4 1.8 1.4 1.9 2.2 2.7

4532 0.1 1.4 27.1 8.7 20.6 8.6 5.8 4.7 5.8 10.2 1.2 1.1 1.4 1.5 1.7 0.1 1.4 22.9 9.2 23.4 9.8 6.1 4.6 4.8 10.1 1.5 0.1 1.8 2.0 2.2

4906 0.2 2.1 24.1 11.0 20.0 8.0 5.7 4.7 5.6 11.2 1.7 1.5 1.3 1.5 1.5 0.2 1.9 21.8 11.2 21.1 8.5 5.5 5.0 4.9 11.0 2.0 1.3 1.7 1.8 2.1

5434 0.6 3.0 22.5 18.4 13.6 5.5 4.2 4.3 4.5 16.2 1.5 1.3 1.4 1.4 1.7 1.8 3.8 18.2 19.6 16.2 5.4 4.5 4.3 3.9 15.9 1.2 1.2 1.1 1.4 1.7

5469 0.4 2.9 23.2 10.6 18.5 8.0 5.9 5.0 5.4 12.8 1.6 1.4 1.3 1.5 1.4 0.4 2.8 21.7 11.5 19.6 8.4 5.7 5.1 5.1 11.3 1.8 1.6 1.5 1.7 1.8

5471 0.0 1.8 36.3 15.5 9.7 2.2 2.2 0.7 2.5 27.0 0.4 1.4 0.4 0.0 0.0 0.3 2.4 40.4 15.2 12.8 4.3 1.8 2.7 1.8 14.6 0.3 0.0 0.6 0.9 1.8

5484 0.6 3.0 26.4 12.8 18.6 6.9 4.7 4.9 1.9 13.9 1.3 1.3 1.2 1.4 1.2 0.4 2.6 23.4 12.8 19.2 7.4 4.9 4.3 4.7 12.5 1.6 1.3 1.3 1.5 2.1

5515 0.0 0.3 16.1 14.0 26.5 15.1 8.3 5.2 4.0 4.8 1.5 1.2 1.0 0.9 0.9 0.0 0.1 10.5 11.8 29.2 18.1 8.6 5.4 4.1 5.2 1.7 1.4 1.2 1.3 1.3

5608 0.2 0.9 21.3 9.4 22.7 12.1 7.3 5.2 5.0 8.6 1.3 1.1 1.3 1.8 1.8 0.1 0.8 20.0 10.0 25.3 11.0 6.7 4.4 4.3 8.4 1.3 1.3 1.5 2.4 2.6

6012 0.5 1.7 27.1 16.7 15.3 4.7 4.3 3.0 3.9 16.1 1.5 1.2 1.4 1.2 1.3 0.4 2.0 23.4 16.7 17.7 5.6 4.3 3.8 3.8 14.8 1.3 1.1 1.4 1.9 2.0

6112 0.1 1.7 27.4 9.8 20.2 7.7 5.3 4.2 5.0 11.0 1.3 1.3 1.4 1.7 1.6 0.1 1.2 22.3 9.9 22.4 9.1 5.6 4.5 5.0 10.5 1.7 1.7 1.6 2.3 2.0

6117 0.1 1.2 26.8 18.8 14.8 4.8 3.9 3.3 4.0 16.5 0.8 0.6 1.5 1.5 1.3 0.1 1.3 21.8 18.6 18.1 6.8 4.7 3.5 3.4 14.8 1.2 0.9 1.1 1.8 1.9

6119 0.2 0.8 22.4 10.3 22.3 11.6 6.7 4.0 4.7 8.3 2.3 1.0 1.3 2.2 2.1 0.1 0.6 18.7 9.3 26.4 11.0 6.4 4.1 3.7 6.9 1.4 1.9 2.7 3.2 3.7

6128 0.4 1.7 23.8 14.8 20.5 6.5 4.2 3.5 3.4 15.7 1.2 1.0 1.0 1.3 1.0 0.2 1.8 47.9 11.9 10.2 4.0 3.0 2.5 3.1 11.4 0.8 0.8 0.6 0.8 1.0

6133 0.4 1.6 22.3 13.2 17.6 8.6 5.6 4.6 5.6 11.5 1.6 1.6 2.2 1.9 1.8 0.5 1.3 21.9 12.6 18.9 9.0 5.9 3.8 4.1 12.1 2.0 2.1 1.3 2.0 2.6

6136 0.4 2.1 25.6 12.2 18.1 7.6 5.7 4.8 6.0 11.7 1.3 0.9 1.2 1.4 1.1 0.3 1.7 21.4 12.8 21.6 8.4 5.3 4.5 5.0 11.8 1.5 1.2 1.2 1.6 1.8

6139 0.1 1.9 25.2 16.8 16.3 5.9 3.9 3.1 4.1 17.4 0.8 1.2 1.0 1.1 1.3 0.2 1.3 21.0 20.5 15.7 6.7 3.6 4.1 5.8 14.4 0.9 1.2 1.5 2.1 1.0

6141 0.4 2.1 26.6 12.9 16.5 6.5 5.6 4.7 4.6 14.8 1.1 0.8 1.0 1.1 1.2 0.3 2.0 26.1 14.3 18.1 6.0 4.3 3.7 4.2 14.9 1.4 1.2 1.0 1.0 1.5

6142 0.3 1.2 20.7 15.4 24.1 5.3 3.4 4.0 5.5 14.8 1.2 1.2 1.0 1.1 0.8 0.2 4.6 31.1 15.6 13.3 5.2 3.5 3.6 4.1 11.9 1.4 1.4 1.1 1.3 1.4

6145 0.0 0.6 20.6 8.8 21.6 11.4 7.8 6.3 6.2 8.1 1.7 1.3 1.5 2.0 1.9 0.1 0.4 20.0 9.8 24.3 10.6 6.8 4.9 4.7 7.5 2.0 1.6 1.9 2.4 3.0

6165 0.2 1.9 25.1 9.7 19.1 8.3 6.0 5.3 5.3 11.4 1.4 1.4 1.6 1.5 1.9 0.2 1.6 21.8 10.4 22.0 9.3 5.9 4.7 4.3 10.3 1.7 1.6 1.9 2.1 2.2

6168 0.3 1.9 25.5 10.7 21.0 8.4 5.6 4.7 5.6 10.1 1.3 1.1 0.9 1.3 1.5 0.2 1.7 22.1 10.7 22.5 9.2 5.9 4.8 5.2 10.2 1.6 1.3 1.3 1.5 1.8

6269 0.1 1.2 20.0 9.1 23.2 12.1 7.7 5.7 5.4 8.1 1.8 1.2 1.3 1.5 1.6 0.1 1.0 17.4 9.7 25.1 12.2 7.0 5.2 5.2 7.7 1.9 1.6 1.5 2.1 2.2

6277 0.5 2.8 30.1 13.6 15.2 5.6 3.9 3.9 4.6 14.2 1.2 1.0 1.0 1.3 1.2 0.3 2.5 21.8 16.0 17.6 6.3 4.4 4.0 4.7 15.0 1.4 1.4 1.3 1.1 2.1

6282 0.1 1.2 24.3 9.6 23.3 9.8 6.5 5.2 5.5 8.5 1.3 1.0 1.1 1.2 1.3 0.1 0.9 19.9 10.1 26.8 10.9 6.3 4.7 5.4 8.5 1.4 1.0 1.0 1.5 1.6

6285 0.3 2.2 26.4 10.4 19.8 8.4 5.6 4.8 5.5 11.0 1.3 1.0 1.1 1.0 1.1 0.3 2.4 24.9 11.9 20.9 8.3 5.3 4.3 4.5 10.4 1.5 1.1 1.2 1.4 1.7

6289 0.1 0.8 29.1 7.9 26.7 6.5 3.9 3.6 4.8 10.8 1.3 0.9 1.0 1.1 1.3 0.0 0.6 27.0 8.1 27.5 7.2 4.1 4.0 4.8 9.9 1.4 1.1 1.0 1.5 1.7

6505 0.0 0.8 30.8 6.5 25.9 8.0 4.8 4.1 3.9 8.2 1.2 1.0 1.3 1.7 1.7 0.1 0.8 27.6 6.9 27.2 9.5 5.0 3.9 3.9 7.7 1.1 1.0 1.3 1.8 2.1

8016 0.3 2.3 27.0 15.6 15.8 6.1 4.2 3.7 3.9 15.7 1.0 0.9 0.9 1.1 1.5 0.2 1.5 24.2 16.5 17.6 5.9 3.9 3.9 3.7 15.4 1.3 1.3 1.3 1.7 1.6

8078 0.0 0.8 21.3 10.9 20.7 10.4 7.4 5.3 5.7 9.3 1.8 1.2 1.3 1.9 2.0 0.0 0.7 19.5 11.3 21.7 9.9 6.8 5.2 5.2 9.4 2.1 1.5 1.8 2.3 2.6

8926 0.3 2.4 26.4 11.5 19.6 7.5 5.2 4.5 5.4 11.6 1.5 1.0 0.9 1.0 1.1 0.2 1.7 19.0 11.6 22.3 9.6 5.8 4.7 5.5 11.6 1.8 1.4 1.6 1.7 1.6

AVG. 0.2 1.6 25.2 12.1 19.4 8.0 5.4 4.4 4.8 12.3 1.3 1.1 1.2 1.4 1.4 0.3 1.6 23.5 12.5 20.7 8.4 5.3 4.3 4.4 11.2 1.5 1.3 1.4 1.8 2.0

MAOA in Sell Side MAOA in Buy Side

Table 4
Relative frequencies of the order strategies
for 40 IPOs stocks with initial price limits

The left-hand side of this table reports the unconditional relative frequencies of the fifteen order strategies

for sellers of IPOs stocks with initial price limits over the sample period. The right -hand side of this table

reports the unconditional relative frequencies of the fifteen order strategies for buyers of IPOs stocks with

initial price limits over the sample period. The largest value of the MAOA means that the market prefers

to exert the most aggressive forgoing order strategy. The smallest value o f the MAOA means that the

market prefers to exert the most aggressive trading order strategy.
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Stocks Code 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14

2227 0.1 1.3 22.7 20.3 15.3 6.3 5.0 3.1 4.2 16.4 1.1 1.0 1.6 0.7 0.9 0.3 2.0 30.0 19.2 15.4 4.0 3.8 3.1 2.0 14.3 0.7 0.6 0.8 2.0 2.0

3142 0.1 1.4 22.2 10.7 25.0 11.4 6.8 5.3 5.0 7.9 1.1 0.9 0.8 0.7 0.8 0.1 1.0 16.7 11.8 28.5 12.3 6.7 5.0 5.1 7.6 1.3 1.0 0.9 0.8 1.2

3189 0.7 2.5 28.2 15.1 15.4 6.1 4.3 3.7 4.1 13.2 1.2 1.1 1.0 1.9 1.6 0.3 1.7 22.6 14.9 20.4 6.9 4.5 3.1 3.4 12.8 1.3 0.8 2.0 2.5 2.9

3271 0.0 0.6 23.0 7.2 24.1 11.7 7.4 5.6 5.5 7.2 1.3 1.2 1.3 1.8 2.2 0.0 0.4 21.1 8.4 26.3 11.7 6.6 4.3 4.4 6.8 1.7 1.4 1.6 2.4 2.8

3311 0.2 1.7 24.8 10.3 22.5 9.1 6.3 5.0 5.2 8.8 1.2 1.0 1.0 1.4 1.4 0.1 0.9 19.1 10.6 25.7 10.3 6.6 4.6 5.1 8.7 1.7 1.4 1.2 1.9 2.1

3338 0.1 1.0 22.2 9.6 23.3 11.9 7.2 5.3 5.0 7.6 1.4 1.2 1.2 1.4 1.5 0.1 0.7 17.9 10.4 28.5 11.8 6.2 4.6 4.4 7.1 1.7 1.4 1.3 1.7 2.1

3701 0.3 2.1 28.2 10.1 20.6 8.2 5.2 4.8 5.2 10.1 1.2 1.0 1.0 1.0 1.0 0.2 1.5 23.4 11.4 22.4 8.9 5.6 4.6 5.0 10.6 1.5 1.2 1.1 1.3 1.3

4106 0.1 1.1 26.7 10.0 25.3 10.3 6.1 4.8 4.3 6.6 1.1 0.9 0.8 1.0 1.0 0.0 0.6 20.2 9.9 29.0 12.3 6.6 4.6 4.2 6.6 1.1 1.0 1.0 1.5 1.4

4414 0.0 3.9 28.5 20.8 11.8 6.0 2.9 3.9 3.9 12.9 1.2 0.6 0.9 1.1 1.5 0.6 1.3 17.5 20.4 19.8 6.5 4.2 3.2 2.9 15.9 0.7 0.7 2.7 2.3 1.3

5203 0.2 1.6 24.6 9.8 20.7 9.8 6.4 4.9 5.2 10.5 1.4 1.0 1.0 1.4 1.5 0.2 1.4 23.8 10.1 23.8 10.2 5.2 3.9 3.7 10.0 1.5 1.2 1.2 1.8 1.9

5305 0.2 1.1 27.2 9.8 19.9 9.6 5.7 4.3 4.6 11.2 1.1 0.9 1.1 1.6 1.8 0.1 1.0 24.7 10.6 23.8 8.5 5.7 4.0 4.3 9.9 1.1 1.1 1.4 1.7 2.2

5525 0.0 0.2 17.8 8.4 24.8 14.7 8.9 6.3 5.6 5.7 1.7 1.1 1.3 1.7 1.7 0.0 0.2 15.4 9.1 27.8 14.7 7.9 5.0 4.7 5.5 1.9 1.5 1.7 2.2 2.4

5531 0.0 0.3 22.0 7.5 23.5 12.3 8.0 6.3 6.0 6.6 1.3 1.1 1.5 1.8 1.8 0.0 0.2 21.2 7.7 26.0 12.5 6.7 4.9 4.9 6.8 1.6 1.0 1.6 2.3 2.7

5534 0.3 2.1 27.5 11.8 17.5 6.9 4.5 4.8 5.9 12.6 1.4 1.4 1.2 1.1 0.9 0.3 2.2 22.6 13.2 20.9 7.2 4.9 4.5 4.4 11.9 1.4 1.3 1.2 1.8 2.3

5607 0.0 0.2 19.2 7.8 26.5 14.3 8.1 5.3 5.2 5.1 1.4 1.3 1.4 2.0 2.2 0.0 0.1 17.2 8.1 29.9 14.2 6.7 4.5 3.8 5.0 1.6 1.2 1.8 2.5 3.2

6115 0.2 1.9 26.7 10.7 18.8 7.9 5.3 4.6 4.9 12.7 1.1 1.1 1.3 1.4 1.3 0.2 1.6 24.8 12.4 21.2 7.7 5.0 4.5 4.6 11.3 1.2 1.1 1.2 1.6 1.7

6116 0.2 1.8 28.8 9.3 19.9 7.6 5.0 4.7 5.1 12.0 1.2 0.9 1.1 1.4 0.9 0.2 1.9 25.4 10.0 21.7 8.7 5.0 4.1 4.2 11.2 1.3 1.2 1.3 1.7 2.2

6131 0.3 2.0 25.6 9.5 18.9 8.8 6.1 4.7 5.6 12.0 1.4 1.1 1.1 1.3 1.5 0.3 2.4 25.4 11.1 20.7 7.5 5.6 4.8 4.8 11.0 1.2 1.1 1.3 1.3 1.5

6166 0.1 1.0 23.6 9.3 26.5 11.6 7.0 4.5 4.2 6.5 1.2 0.9 0.9 1.1 1.8 0.0 0.6 20.0 10.4 29.3 12.3 5.8 4.5 4.3 6.1 1.2 1.1 1.1 1.2 2.1

6172 0.2 1.6 25.5 16.5 15.0 6.2 4.0 3.3 3.4 16.5 1.3 1.2 1.4 1.7 2.0 0.6 2.1 27.4 18.0 17.5 6.1 3.2 2.8 2.3 13.6 1.0 0.9 1.2 1.5 1.7

6184 0.0 0.6 22.5 7.8 24.2 11.1 7.4 5.7 5.6 6.8 1.5 1.3 1.4 1.9 2.3 0.1 0.5 20.3 8.8 28.7 12.0 5.9 4.0 4.1 6.1 1.5 1.1 1.6 2.3 3.0

6189 0.1 1.9 27.6 12.9 18.1 7.1 4.8 4.3 4.8 12.5 1.2 1.0 1.0 1.3 1.3 0.1 1.8 25.5 12.5 21.1 7.1 4.6 4.2 4.2 11.8 1.2 1.2 1.4 1.8 1.6

6192 0.4 1.9 28.7 16.8 18.5 5.4 3.6 3.6 4.0 14.0 0.4 0.6 0.7 0.7 0.7 0.1 1.6 27.7 17.8 15.0 5.8 4.2 3.2 3.5 15.4 0.9 1.2 1.3 1.1 1.2

6196 0.4 3.0 26.3 10.8 19.8 7.8 5.0 5.0 5.1 10.6 1.3 1.0 1.0 1.3 1.5 0.3 2.3 23.6 12.5 21.6 8.1 5.0 4.1 4.4 10.5 1.3 1.3 1.2 1.6 2.1

6197 0.0 0.2 20.3 7.9 24.5 13.7 8.2 5.6 5.2 6.2 1.5 1.3 1.3 1.9 2.2 0.0 0.2 18.6 8.4 27.6 13.0 6.3 4.4 4.5 6.4 1.8 1.7 1.7 2.3 3.0

6201 0.0 0.7 20.4 9.1 22.1 11.8 8.0 5.9 6.2 7.5 1.9 1.5 1.6 1.6 1.7 0.0 0.5 15.7 9.0 25.7 12.6 8.1 6.0 5.8 7.5 2.0 1.7 1.5 1.8 2.2

6202 0.0 0.3 18.3 10.8 24.0 12.6 7.4 5.4 5.1 8.8 1.1 1.0 1.2 1.7 2.2 0.1 0.7 24.1 10.7 26.5 11.6 5.7 3.9 3.7 3.8 1.3 0.8 1.7 2.5 2.9

6206 0.2 1.6 27.9 10.0 19.8 8.3 5.8 5.1 5.3 10.4 1.1 0.9 1.2 1.1 1.2 0.1 1.4 23.1 10.0 23.4 9.0 5.4 4.7 4.9 10.5 1.5 1.1 1.2 1.8 1.8

6209 0.2 1.7 25.6 10.4 21.8 9.1 6.1 5.1 5.0 9.0 1.4 1.0 1.2 1.3 1.2 0.1 1.2 19.5 10.6 25.1 10.5 6.8 5.1 5.0 8.8 1.5 1.3 1.3 1.5 1.8

6225 0.2 1.8 26.6 11.7 19.9 7.7 4.8 3.9 4.2 12.9 1.1 1.2 1.1 1.4 1.5 0.1 1.4 26.1 11.9 20.4 8.1 4.7 4.2 3.8 12.4 1.2 0.8 1.0 1.8 1.9

6235 0.0 0.3 16.7 7.4 24.3 15.0 9.5 6.7 5.8 5.6 1.6 1.4 1.6 1.9 2.1 0.0 0.2 16.7 8.8 29.0 14.4 6.7 4.4 4.0 5.3 1.6 1.4 1.7 2.8 3.0

6239 0.2 1.9 27.3 11.4 18.5 7.6 5.7 4.1 5.2 12.2 1.2 0.8 1.1 1.3 1.4 0.2 1.7 23.4 11.9 21.9 8.8 5.0 3.7 3.9 12.1 1.4 1.4 1.4 1.5 1.8

6280 0.1 0.8 22.4 13.1 20.1 8.4 6.2 5.2 5.4 12.4 0.9 0.9 1.1 1.4 1.6 0.1 1.1 31.2 13.5 17.2 7.2 4.9 4.2 3.3 9.8 1.1 1.1 1.0 1.6 2.7

8008 0.2 1.7 28.9 10.6 21.7 8.3 5.3 4.3 4.7 9.5 1.0 0.8 0.8 1.1 1.0 0.1 0.8 20.5 10.6 26.3 10.7 6.0 4.8 4.7 9.3 1.3 1.0 1.1 1.5 1.3

8101 0.0 0.7 24.8 9.8 21.4 10.8 6.9 5.2 5.4 8.3 1.3 1.1 1.2 1.4 1.6 0.0 0.4 18.2 9.8 24.3 12.4 6.9 4.9 5.2 8.6 1.8 1.4 1.5 2.3 2.4

4904 0.4 2.2 29.7 11.4 17.3 7.1 5.5 4.2 4.7 12.5 1.1 0.7 1.1 1.0 1.1 0.2 1.7 23.3 12.9 21.4 7.9 5.1 4.0 4.1 12.4 1.4 1.3 1.1 1.4 1.7

6005 0.0 0.1 12.4 10.2 30.4 18.8 9.5 5.7 4.1 3.1 1.2 0.9 1.1 1.2 1.2 0.0 0.0 12.2 9.0 32.8 19.1 8.0 4.4 3.5 2.7 1.5 1.0 1.4 1.9 2.4

6281 0.1 1.1 23.7 12.9 17.2 7.8 6.9 5.8 5.3 11.2 1.5 1.4 1.3 1.9 1.9 0.0 1.0 18.4 13.7 21.1 9.2 6.2 5.0 6.0 10.1 1.3 1.5 1.8 2.0 2.8

8072 0.0 0.6 26.3 9.3 22.9 9.5 6.1 5.4 5.0 8.3 1.1 1.3 1.0 1.4 1.7 0.0 0.4 21.3 9.0 26.4 10.8 6.2 4.8 5.0 7.6 1.4 1.4 1.5 1.8 2.4

8249 0.0 1.3 28.5 9.7 22.2 7.6 4.7 4.1 3.9 11.4 1.1 1.0 0.9 1.7 2.0 0.1 1.3 23.9 8.9 26.2 9.4 5.5 4.3 4.3 9.2 0.8 1.1 1.6 1.6 1.7

AVG. 0.1 1.3 24.5 11.0 21.1 9.7 6.2 4.9 5.0 9.9 1.2 1.1 1.1 1.4 1.5 0.1 1.1 21.7 11.4 24.0 10.1 5.7 4.3 4.3 9.3 1.4 1.2 1.4 1.8 2.1

MAOA in Sell Side MAOA in Buy Side

Table 5
Relative frequencies of the order strategies

for 40 IPOs stocks without initial price limits
The left-hand side of this table reports the unconditional relative frequencies of the fifteen order strategies

for sellers of IPOs stocks without initial price limits over the sample period. The right-hand side of this

table reports the unconditional relative frequencies of the fifteen order strategies for buyers of IPOs

stocks without initial price limits over the sample period. The largest value of the MAOA means that the

market prefers to exert the most aggressive forgoing order strategy. The smallest value of the MAOA

means that the market prefers to exert the most aggressive trading order strategy.
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InSig. 10% InSig. 10%

Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % % count %

MAOAsell(t-1) -0.008 3 4% 3 4% 0.016 63 79% 11 14% -0.009 32 40% 23 29% 0.008 6 8% 7.5 19 24%
MAOAbuy(t-1) -0.009 29 36% 30 38% 0.020 4 5% 17 21% -0.025 1 1% 1 1% 0.024 68 85% 85 10 13%
Volume(t-1) -0.010 76 95% 2 3% 0.004 0 0% 2 3% -0.010 76 95% 3 4% 0.004 1 1% 1.3 0 0%
Momentum(t-1) -0.940 6 8% 6 8% 0.684 58 73% 10 13% -0.313 36 45% 23 29% 1.058 5 6% 6.3 16 20%
Rspread(t-1) -5.934 11 14% 24 30% 10.565 30 38% 15 19% -8.194 23 29% 15 19% 9.818 22 28% 28 20 25%
Speed(t-1) -0.001 43 54% 27 34% 0.000 0 0% 10 13% -8.000 4 5% 27 34% 0.000 16 20% 20 33 41%
Timeframe(t-1) -0.015 26 33% 30 38% 0.011 6 8% 18 23% -0.014 22 28% 32 40% 0.011 5 6% 6.3 21 26%
OI(t-1) -0.476 73 91% 5 6% 0.489 0 0% 2 3% -0.075 0 0% 3 4% 0.502 74 93% 93 3 4%
D -0.605 16 20% 32 40% 0.656 5 6% 27 34% -0.867 6 8% 25 31% 0.701 21 26% 26 28 35%
D*MAOAsell(t-1) -0.035 7 9% 30 38% 0.049 8 10% 35 44% -0.052 7 9% 39 49% 0.001 7 9% 8.8 27 34%
D*MAOAbuy(t-1) -0.025 11 14% 22 28% 0.068 3 4% 44 55% -0.057 12 15% 37 46% 0.048 11 14% 14 20 25%
D*Volume(t-1) -0.001 1 1% 7 9% 0.000 54 68% 18 23% -0.001 9 11% 18 23% 0.072 19 24% 24 34 43%
D*Momentum(t-1) -11.499 13 16% 39 49% 27.286 7 9% 21 26% -4.432 4 5% 28 35% 24.230 14 18% 18 34 43%
D*Rspread(t-1) -24.562 7 9% 35 44% 190.408 18 23% 20 25% -272.137 19 24% 22 28% 138.153 4 5% 0.1 35 44%
D*Speed(t-1) -0.716 4 5% 42 53% 0.078 3 4% 31 39% -0.870 8 10% 39 49% 0.080 7 9% 8.8 26 33%
D*Timeframe(t-1) -0.001 2 3% 40 50% 0.002 4 5% 34 43% -0.005 5 6% 30 38% 0.007 6 8% 39 49%
D*OI(t-1) -0.413 7 9% 29 36% 0.490 11 14% 33 41% -0.083 15 19% 30 38% 0.415 9 11% 11 26 33%

Sig. 10% Sig. 10%Sig. 10% InSig. 10% Sig. 10% InSig. 10%

Sell Side of 80 IPOs Stocks Sample Buy Side of 80 IPOs Stocks Sample

Negative Positive Negative Positive

Table 6
Ordered probit model of the market aggregate order aggressiveness

for 80 IPOs stocks in regular order-submission behaviors

This table presents ordered probit regressions of the market aggregate order aggressiveness (MAOA) for each

of the 80 IPOs stocks listed between March 2003 and March 2005, by the high frequency data of the 185 trading

days. The dependent variable is market aggregate order aggressiveness (MAOA) ranked from the most

aggressive trading to the most aggressive forgoing submission. The regressors are the key variables of the limit

order book at t-1 time call auction; MAOAsell is the order aggressiveness of sell side; MAOAbuy is the order

aggressiveness of buy side; Volume is the number of 1000 shares of the trades in each call auction; Momentum

the return of the last 20 midquote; Rspread is the spread divided by the midquote; Speed is the elapsed time in

seconds between one auction and the next; Timeframe is an indicator of a auction happened in what time. It is

smaller mean the trading time is close to the open or the close; OI is the number of units of 1000 shares on the

best ask divided by the summation of the number of units of 1000 shares on the best ask and the number of units

of 1000 shares on the best bid. D is a dummy variable, which takes the value of 1 when the observations in

initial five trading days, and takes the value of zero when the observations within the 6th day and the 18

day. i refers to the probit thresholds, i =1~14, and we omit to display. Count is the number stocks. % is the

proportion of Count to 50 stocks. Positive Sig. 10% refers to the positive number of coefficients significant at

the 10% level and Negative Sig. 10% refers to the negative number of coefficients significant at the 10% level.
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InSig. 10% InSig. 10%

Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count %

MAOAsell(t-1) -0.007 3 8% 0 0% 0.019 34 85% 3 8% -0.009 20 50% 7 18% 0.009 3 8% 10 25%
MAOAbuy(t-1) -0.008 18 45% 14 35% 0.003 0 0% 8 20% 0 0% 0 0% 0.025 37 93% 3 8%
Volume(t-1) -0.010 40 100% 0 0% 0 0% 0 0% -0.010 38 95% 2 5% 0 0% 0 0%
Momentum(t-1) -0.263 3 8% 1 3% 0.325 31 78% 5 13% -0.208 16 40% 10 25% 0.321 2 5% 12 30%
Rspread(t-1) -7.299 5 13% 10 25% 11.688 18 45% 7 18% -8.944 12 30% 8 20% 10.457 12 30% 8 20%
Speed(t-1) -0.001 22 55% 12 30% 0.000 0 0% 6 15% 0.000 1 3% 11 28% 0.000 7 18% 21 53%
Timeframe(t-1) -0.012 9 23% 14 35% 0.013 4 10% 13 33% -0.013 13 33% 19 48% 0.015 3 8% 5 13%
OI(t-1) -0.484 38 95% 2 5% 0 0% 0 0% 0 0% 0 0% 0.515 37 93% 3 8%
D -0.065 10 25% 13 33% 0.317 4 10% 13 33% -0.411 5 13% 12 30% 0.501 13 33% 10 25%
D*MAOAsell(t-1) -0.026 4 10% 15 38% 0.003 4 10% 17 43% -0.039 5 13% 17 43% 0.028 4 10% 14 35%
D*MAOAbuy(t-1) -0.020 7 18% 12 30% 0.032 1 3% 20 50% -0.039 6 15% 15 38% 0.032 8 20% 11 28%
D*Volume(t-1) -0.001 1 3% 2 5% 0.031 29 73% 8 20% -0.001 3 8% 10 25% 0.001 11 28% 16 40%
D*Momentum(t-1) -4.459 8 20% 19 48% 4.428 4 10% 9 23% -1.706 3 8% 13 33% 0.783 7 18% 17 43%
D*Rspread(t-1) -23.022 4 10% 19 48% 77.968 11 28% 6 15% -57.053 11 28% 5 13% 25.849 3 8% 21 53%
D*Speed(t-1) -0.002 3 8% 22 55% 0.002 2 5% 13 33% -0.001 5 13% 21 53% 0.002 4 10% 10 25%
D*Timeframe(t-1) -0.001 2 5% 20 50% 0.001 2 5% 16 40% -0.005 3 8% 20 50% 0.006 3 8% 14 35%
D*OI(t-1) -0.351 3 8% 11 28% 0.424 7 18% 19 48% -0.390 9 23% 13 33% 0.249 3 8% 15 38%

Table 7
Ordered probit model of the market aggregate order aggressiveness

for 40 IPOs stocks with initial price limits in regular order-submission behaviors

Sell Side of 40 IPOs Stocks with Price Limits Buy Side of 40 IPOs Stocks with Price Limits

Negative Positive Negative Positive

Sig. 10% Sig. 10%Sig. 10% InSig. 10% Sig. 10% InSig. 10%

This table presents ordered probit regressions of the market aggregate order aggressiveness (MAOA) for each

of the 40 IPOs stocks with initial price limits listed before March 2004, by the high frequency data of the 185

trading days. The dependent variable is market aggregate order aggressiveness (MAOA) ranked from the most

aggressive trading to the most aggressive forgoing submission. The regressors are the key variables of the limit

order book at t-1 time call auction; MAOAsell is the order aggressiveness of sell side; MAOAbuy is the order

aggressiveness of buy side; Volume is the number of 1000 shares of the trades in each call auction; Momentum is

the return of the last 20 midquote; Rspread is the spread divided by the midquote; Speed is the elapsed time in

seconds between one auction and the next; Timeframe is an indicator of a auction happened in what time. It is

smaller mean the trading time is close to the open or the close; OI is the number of units of 1000 shares on the

best ask divided by the summation of the number of units of 1000 shares on the best ask and the number of units

of 1000 shares on the best bid. D is a dummy variable, which takes the value of 1 when the observations in

initial five trading days, and takes the value of zero when the observations within the 6th day and the 185th

day. i refers to the probit thresholds, i =1~14, and we omit to display. Count is the number stocks. % is the

proportion of Count to 50 stocks. Positive Sig. 10% refers to the positive number of coefficients significant at

the 10% level and Negative Sig. 10% refers to the negative number of coefficients significant at the 10% level.
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InSig. 10% InSig. 10%

Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count %

MAOAsell(t-1) 0.000 0 0% 3 8% 0.019 29 73% 8 20% -0.010 12 30% 16 40% 0.008 3 8% 9 23%
MAOAbuy(t-1) -0.009 11 28% 16 40% 0.012 4 10% 9 23% -0.025 1 3% 1 3% 0.023 31 78% 7 18%
Volume(t-1) -0.010 36 90% 2 5% 0.001 0 0% 2 5% -0.012 38 95% 1 3% 0.004 1 3% 0 0%
Momentum(t-1) -1.283 3 8% 5 13% 0.706 27 68% 5 13% -0.395 20 50% 13 33% 2.532 3 8% 4 10%
Rspread(t-1) -4.910 6 15% 14 35% 12.670 12 30% 8 20% -7.360 11 28% 7 18% 9.237 10 25% 12 30%
Speed(t-1) -0.001 21 53% 15 38% 0.004 0 0% 4 10% -0.001 3 8% 16 40% 0.000 9 23% 12 30%
Timeframe(t-1) -0.017 17 43% 16 40% 0.007 2 5% 5 13% -0.014 9 23% 13 33% 0.009 2 5% 16 40%
OI(t-1) -0.468 35 88% 3 8% 0.059 0 0% 2 5% -0.075 0 0% 3 8% 0.489 37 93% 0 0%
D -0.568 6 15% 19 48% 0.606 1 3% 14 35% -1.421 1 3% 13 33% 0.878 8 20% 18 45%
D*MAOAsell(t-1) -0.045 3 8% 15 38% 0.050 4 10% 18 45% -0.063 2 5% 22 55% 0.072 3 8% 13 33%
D*MAOAbuy(t-1) -0.032 4 10% 10 25% 0.052 2 5% 24 60% -0.070 6 15% 22 55% 0.135 3 8% 9 23%
D*Volume(t-1) 0.000 0 0% 5 13% 0.002 25 63% 10 25% -0.001 6 15% 8 20% 0.001 8 20% 18 45%
D*Momentum(t-1) -19.103 5 13% 20 50% 10.863 3 8% 12 30% -7.157 1 3% 15 38% 39.668 7 18% 17 43%
D*Rspread(t-1) -26.427 3 8% 16 40% 290.487 7 18% 14 35% -409.791 8 20% 17 43% 317.841 1 3% 14 35%
D*Speed(t-1) -1.567 1 3% 20 50% 0.001 1 3% 18 45% -1.945 3 8% 18 45% 0.137 3 8% 16 40%
D*Timeframe(t-1) 0.000 0 0% 20 50% 0.001 2 5% 18 45% -0.005 2 5% 10 25% 0.008 3 8% 25 63%
D*OI(t-1) -0.452 4 10% 18 45% 0.421 4 10% 14 35% -1.252 6 15% 17 43% 0.590 6 15% 11 28%

Table 8
Ordered probit model of the market aggregate order aggressiveness

for 40 IPOs stocks without initial price limits in regular order-submission behaviors

Sell Side of 40 IPOs Stocks without Price Limits Buy Side of 40 IPOs Stocks without Price Limits

Negative Positive Negative Positive

Sig. 10% Sig. 10%Sig. 10% InSig. 10% Sig. 10% InSig. 10%

This table presents ordered probit regressions of the market aggregate order aggressive ness (MAOA) for each

of the 40 IPOs stocks without initial price limits listed after March 2004, by the high frequency data of the 185

trading days. The dependent variable is market aggregate order aggressiveness (MAOA) ranked from the most

aggressive trading to the most aggressive forgoing submission. The regressors are the key variables of the limit

order book at t-1 time call auction; MAOAsell is the order aggressiveness of sell side; MAOAbuy is the order

aggressiveness of buy side; Volume is the number of 1000 shares of the trades in each call auction; Momentum is

the return of the last 20 midquote; Rspread is the spread divided by the midquote; Speed is the elapsed time in

seconds between one auction and the next; Timeframe is an indicator of a auction happened in what time. It is

smaller mean the trading time is close to the open or the close; OI is the number of units of 1000 shares on the

best ask divided by the summation of the number of units of 1000 shares on the best ask and the number of units

of 1000 shares on the best bid. D is a dummy variable, which takes the value of 1 when the observations in

initial five trading days, and takes the value of zero when the observations within the 6th day and the 185th

day. i refers to the probit thresholds, i =1~14, and we omit to display. Count is the number stocks. % is the

proportion of Count to 50 stocks. Positive Sig. 10% refers to the positive number of coefficients significant at

the 10% level and Negative Sig. 10% refers to the negative number of coefficients significant at the 1 0% level.
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Panel A

InSig. 10% InSig. 10%
Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count %

MAOAsell(t-1) -0.0157 1 1% 7 9% 0.0369 55 69% 17 21% -0.0145 28 35% 27 34% 0.0161 5 6% 20 25%
MAOAbuy(t-1) -0.0157 26 33% 35 44% 0.0123 6 8% 13 16% -0.0186 1 1% 2 3% 0.0313 60 75% 17 21%
Volume(t-1) -0.0035 18 23% 31 39% 0.0054 5 6% 26 33% -0.0045 12 15% 32 40% -0.0019 3 4% 33 41%
Momentum(t-1) -4.2335 14 18% 41 51% 1.7227 10 13% 15 19% -2.9316 17 21% 34 43% 4.3895 8 10% 21 26%
Rspread(t-1) -37.0800 12 15% 20 25% 16.8068 16 20% 32 40% -34.4567 19 24% 25 31% 14.6210 10 13% 26 33%
Speed(t-1) -0.0007 5 6% 23 29% 0.0023 24 30% 28 35% 0.0000 0 0% 8 10% 0.0021 27 34% 45 56%
Timeframe(t-1) -0.0385 5 6% 19 24% 0.0547 34 43% 22 28% -0.0078 9 11% 21 26% 0.0330 17 21% 33 41%
OI(t-1) -0.0531 42 53% 17 21% 0.2119 8 10% 13 16% -0.1795 7 9% 12 15% 0.2598 33 41% 28 35%

Panel B
Before Mar-04 Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count %

MAOAsell(t-1) 0.0000 0 0% 3 8% 0.0438 32 80% 5 13% -0.0152 16 40% 12 30% 0.0087 2 5% 10 25%
MAOAbuy(t-1) -0.0154 13 33% 16 40% 0.0127 5 13% 6 15% 0 0% 0 0% 0.0306 32 80% 8 20%
Volume(t-1) -0.0029 13 33% 11 28% 0.0038 0 0% 16 40% -0.0043 6 15% 14 35% -0.0019 3 8% 17 43%
Momentum(t-1) -2.5869 6 15% 25 63% 1.2967 4 10% 5 13% -1.5122 9 23% 22 55% 5.2004 3 8% 6 15%
Rspread(t-1) -43.0030 7 18% 9 23% 17.3432 9 23% 15 38% -42.4604 12 30% 11 28% 11.6716 3 8% 14 35%
Speed(t-1) -0.0004 2 5% 14 35% 0.0014 14 35% 10 25% -0.0001 0 0% 4 10% 0.0011 14 35% 22 55%
Timeframe(t-1) -0.0024 1 3% 7 18% 0.0599 25 63% 7 18% 0.0305 5 13% 11 28% 0.0315 8 20% 16 40%
OI(t-1) -0.3402 24 60% 7 18% 0.1703 4 10% 5 13% -0.1647 4 10% 5 13% 0.2386 18 45% 13 33%

Panel C
After Mar-04 Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count % Avg. Coeff count % count %
MAOAsell(t-1) -0.0157 1 3% 4 10% 0.0274 23 58% 12 30% -0.0136 12 30% 15 38% 0.0211 3 8% 10 25%
MAOAbuy(t-1) -0.0160 13 33% 19 48% 0.0107 1 3% 7 18% -0.0186 1 3% 2 5% 0.0322 28 70% 9 23%
Volume(t-1) -0.0051 5 13% 20 50% 0.0054 5 13% 10 25% -0.0046 6 15% 18 45% 0.0091 0 0% 16 40%
Momentum(t-1) -5.4684 8 20% 16 40% 2.0067 6 15% 10 25% -4.5284 8 20% 12 30% 3.9029 5 13% 15 38%
Rspread(t-1) -28.7879 5 13% 11 28% 16.1172 7 18% 17 43% -20.7360 7 18% 14 35% 15.8850 7 18% 12 30%
Speed(t-1) -0.0009 3 8% 9 23% 0.0034 10 25% 18 45% 0.0000 0 0% 4 10% 0.0032 13 33% 23 58%
Timeframe(t-1) -0.0475 4 10% 12 30% 0.0403 9 23% 15 38% -0.0556 4 10% 10 25% 0.0343 9 23% 17 43%
OI(t-1) 0.3298 18 45% 10 25% 0.2535 4 10% 8 20% -0.1993 3 8% 7 18% 0.2852 15 38% 15 38%

Sell Side of 40 IPOs Stocks with Price Limits Buy Side of 40 IPOs Stocks with Price Limits

Sig. 10% InSig. 10% Sig. 10% InSig. 10%
Negative Positive

Sig. 10% Sig. 10%

Sell Side of 40 IPOs Stocks without Price Limits Buy Side of 40 IPOs Stocks without Price Limits

Table 9
Ordered probit model of the market aggregate order aggressiveness

for 40 IPOs stocks with/without price limits in initial order-submission behaviors

Sell Side of 80 IPOs Stocks Buy Side of 80 IPOs Stocks
Negative Positive

Panel A of this table presents ordered probit regressions of the market aggregate order aggressiveness (MAOA)

for each of the 80 IPOs stocks, by the high frequency data of the initial five trading days. Panel B and C of this

table presents ordered probit regressions of the market aggregate order aggressiveness for each of the 40 IPOs

stocks listed before and after March 2004, respectively. The dependent variable is market aggregate order

aggressiveness (MAOA) ranked from the most aggressive trading to the most aggressive forgoing submission.

The regressors are the key variables of the limit order book at t-1 time call auction; MAOAsell is the order

aggressiveness of sell side; MAOAbuy is the order aggressiveness of buy side; Volume is the number of 1000

shares of the trades in each call auction; Momentum is the return of the last 20 midquote; Rspread is the spread

divided by the midquote; Speed is the elapsed time in seconds between one auction and the next; Timeframe is an

indicator of a auction happened in what time. It is smaller mean the trading time is close to the open or the close;

OI is the number of units of 1000 shares on the best ask divided by the summation of the number of units of

1000 shares on the best ask and the number of units of 1000 shares on the best bid. i refers to the probit

thresholds, i =1~14, and we omit to display. Count is the number stocks. % is the proportion of Count to 50

stocks. Positive Sig. 10% refers to the positive number of coefficients significant at the 10% level and Negative

Sig. 10% refers to the negative number of coefficients significant at the 10% level.
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Panel A
Before Mar-04

Regular Initial submission Regular Initial submission Regular Initial submission Regular Initial submission

count count Z-value count count Z-value count count Z-value count count Z-value

MAOAsell(t-1) 3 0 1.765 34 32 0.588 20 16 0.899 3 2 0.462

MAOAbuy(t-1) 18 13 1.147 0 5 -2.309 0 0 0.000 37 32 1.623 **

Volume(t-1) 40 13 6.384 ** 0 0 0.000 38 6 7.191 ** 0 3 -1.765

Momentum(t-1) 3 6 -1.061 31 4 6.085 ** 16 9 1.688 ** 2 3 -0.462

Rspread(t-1) 5 7 -0.626 18 9 2.128 ** 12 12 0.000 12 3 2.578

Speed(t-1) 22 2 4.880 ** 0 14 -4.119 1 0 1.006 7 14 -1.779

Timeframe(t-1) 9 1 2.704 4 25 -4.884 13 5 2.142 ** 3 8 -1.623

OI(t-1) 38 24 3.748 ** 0 4 -2.052 0 4 -2.052 37 18 4.583 **

Panel B
After Mar-04

Regular Initial submission Regular Initial submission Regular Initial submission Regular Initial submission

count count Z-value count count Z-value count count Z-value count count Z-value

MAOAsell(t-1) 0 1 -1.006 29 23 1.406 * 12 12 0.000 3 3 0.000

MAOAbuy(t-1) 11 13 -0.488 4 1 1.386 1 1 0.000 31 28 0.762

Volume(t-1) 36 5 6.934 ** 0 5 -2.309 38 6 7.191 ** 1 0 1.006

Momentum(t-1) 3 8 -1.623 27 6 4.769 ** 20 8 2.813 ** 3 5 -0.745

Rspread(t-1) 6 5 0.325 12 7 1.314 * 11 7 1.071 10 7 0.820

Speed(t-1) 21 3 4.392 ** 0 10 -3.381 3 0 1.765 9 13 -1.002

Timeframe(t-1) 17 4 3.303 ** 2 9 -2.273 9 4 1.515 2 9 -2.273

OI(t-1) 35 18 4.020 ** 0 4 -2.052 0 3 -1.765 37 15 5.157 **

Table 10
Effect of term structure upon order-submission behaviors in IPOs

Sell Side of IPOs stocks regular to initial submission Buy Side of IPOs stocks regular to initial submission
Negative Sig. 10% Positive Sig. 10% Negative Sig. 10% Negative Sig. 10%

Sell Side of IPOs stocks regular to initial submission Buy Side of IPOs stocks regular to initial submission
Negative Sig. 10% Positive Sig. 10% Negative Sig. 10% Negative Sig. 10%

Panel A of this table presents the comparison of regular and initial submission results of 40 IPOs stocks with

initial price limits listed before March 2004. Panel B of this table presents the comparison of regular and initial

submission results of 40 IPOs stocks without initial price limits listed after March 2004. The dependent variable

is market aggregate order aggressiveness (MAOA) ranked from the most aggressive trading to the most

aggressive forgoing submission. The regressors are the key variables of the limit order book at t-1 time call

auction; MAOAsell is the order aggressiveness of sell side; MAOAbuy is the order aggressiveness of buy side;

Volume is the number of 1000 shares of the trades in each call auction; Momentum is the return of the last 20

midquote; Rspread is the spread divided by the midquote; Speed is the elapsed time in seconds between one

auction and the next; Timeframe is an indicator of a auction happened in what time. It is smaller mean the

trading time is close to the open or the close; OI is the number of units of 1000 shares on the best ask divided by

the summation of the number of units of 1000 shares on the best ask and the number of units of 1000 shares on

the best bid. D is a dummy variable, which takes the value of 1 when the observations in initial five trading

days, and takes the value of zero when the observations within the 6th day and the 185th day. ** refers to the

difference counts between IPOs with price limits and IPOs without price limits significant at the 5% level and

Negative * refers to the difference counts significant at the 10% level.
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Panel A
5 days

Initial Submission Before After Mar-o4 Before After Mar-o4 Before After Mar-o4 Before After Mar-o4

count count Z-value count count Z-value count count Z-value count count Z-value

MAOAsell(t-1) 0 1 -1.006 32 23 2.171 ** 16 12 0.938 2 3 -0.462
MAOAbuy(t-1) 13 13 0.000 5 1 1.698 0 1 -1.006 32 28 1.033
Volume(t-1) 13 5 2.142 ** 0 5 -2.309 6 6 0.000 3 0 1.765
Momentum(t-1) 6 8 -0.588 4 6 -0.676 9 8 0.273 3 5 -0.745
Rspread(t-1) 7 5 0.626 9 7 0.559 12 7 1.314 * 3 7 -1.352
Speed(t-1) 2 3 -0.462 14 10 0.976 0 0 0.000 14 13 0.236
Timeframe(t-1) 1 4 -1.386 25 9 3.619 ** 5 4 0.354 8 9 -0.273
OI(t-1) 24 18 1.343 * 4 4 0.000 4 3 0.396 18 15 0.681

Panel B
185 days

Regular Submission Before After Mar-o4 Before After Mar-o4 Before After Mar-o4 Before After Mar-o4

count count Z-value count count Z-value count count Z-value count count Z-value

MAOAsell(t-1) 3 0 1.765 34 29 1.367 * 20 12 1.826 ** 3 3 0.000
MAOAbuy(t-1) 18 11 1.628 * 0 4 -2.052 0 1 -1.006 37 31 1.879 **
Volume(t-1) 40 36 2.052 ** 0 0 0.000 38 38 0.000 0 1 -1.006
Momentum(t-1) 3 3 0.000 31 27 1.002 16 20 -0.899 2 3 -0.462
Rspread(t-1) 5 6 -0.325 18 12 1.386 * 12 11 0.247 12 10 0.501
Speed(t-1) 22 21 0.224 0 0 0.000 1 3 -1.026 7 9 -0.559
Timeframe(t-1) 9 17 -1.910 4 2 0.849 13 9 1.002 3 2 0.462
OI(t-1) 38 35 1.187 0 0 0.000 0 0 0.000 37 37 0.000
D 10 6 1.118 4 1 1.386 5 1 1.698 13 8 1.271 *
D*MAOAsell(t-1) 4 3 0.396 4 4 0.000 5 2 1.187 4 3 0.396
D*MAOAbuy(t-1) 7 4 0.974 1 2 -0.588 6 6 0.000 8 3 1.623
D*Volume(t-1) 1 0 1.006 29 25 0.955 3 6 -1.061 11 8 0.788
D*Momentum(t-1) 8 5 0.909 4 3 0.396 3 1 1.026 7 7 0.000
D*Rspread(t-1) 4 3 0.396 11 7 1.071 11 8 0.788 3 1 1.026
D*Speed(t-1) 3 1 1.026 2 1 0.588 5 3 0.745 4 3 0.396
D*Timeframe(t-1) 2 0 1.432 2 2 0.000 3 2 0.462 3 3 0.000
D*OI(t-1) 3 4 -0.396 7 4 0.974 9 6 0.859 3 6 -1.061

Sel l Side of IPO s stocks before to After Mar-04 Buy Side of IPO s stocks before to After Mar-04
Negative Sig. 10% Positive Sig. 10% Negative Sig. 10% Negative Sig. 10%

Negative Sig. 10% Positive Sig. 10% Negative Sig. 10% Negative Sig. 10%

Table 11
Effect of removing price limits upon order-submission behaviors in IPOs

Sel l Side of IPO s stocks before to After Mar-04 Buy Side of IPO s stocks before to After Mar-04

Panel A of this table presents the comparison of 40 IPOs stocks with initial price limits and 40 IPOs stocks

without initial price limits, by the high frequency data of the initial five trading days. Panel B of this table

presents the comparison of 40 IPOs stocks with initial price limits and 40 IPOs stocks without initial price

limits, by the high frequency data of the initial 185 trading days. The dependent variable is market aggregate

order aggressiveness (MAOA) ranked from the most aggressive trading to the most aggressive forgoing

submission. The regressors are the key variables of the limit order book att-1 time call auction; MAOAsell is

the order aggressiveness of sell side; MAOAbuy is the order aggressiveness of buy side;Volume is the number

of 1000 shares of the trades in each call auction;Momentum is the return of the last 20 midquote;Rspread is the

spread divided by the midquote; Speed is the elapsed time in seconds between one auction and the next;

Timeframe is an indicator of a auction happened in what time. It is smaller mean the trading time is close to the

open or the close; OI is the number of units of 1000 shares on the best ask divided by the summationof the

number of units of 1000 shares on the best ask and the number of units of 1000 shares on the best bid. D is a

dummy variable, which takes the value of 1 when the observations in initial five trading days, and takes the

value of zero when the observations within the 6th day and the 185th day. ** refers to the difference counts

between IPOs with price limits and IPOs without price limitssignificant at the 5% level and Negative * refers

to the difference counts significant at the 10% level.
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Abstract

In this article we analyze the effects of events on a company’s risk for German
utility operators. In particular, we analyze the effect of regulatory and non regula-
tory events on the company’s returns and volatility and measure the persistence of
the influencing variables. Therefore, we refer to event-study methods by means of
the Capital Asset Pricing Model, GARCH-Modeling and Kalman filters. The later
is used in order to proof the validity of the upcoming results from the first part of
the analysis and provide a deeper insight into time varying betas. We find that the
considered events do not pertain all companies in an equal manner. Moreover, it
can be shown that the impact on risk and returns is not persistent and does not
lead to an increase in the overall systematic risk for the considered utility operators.
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1 Introduction

In recent years, one of the major topics in regulatory economics and regulatory finance
has become the determination of regulatory risk and the analysis of the impact of regu-
lation on a company’s risk and returns. It is commonly accepted that higher risk, which
is not taken into consideration by regulatory actions, leads to lower investments and may
therefore lead to a decrease in quality of services in the long run. On the occasion of
the current debate in Europe and especially in Germany, it becomes obvious that ade-
quate compensation for the risk exposure of regulated companies has to be focused by
regulators. This becomes more exigent if the regulator is weak, and/or if the involved
companies provide a high level of market concentration. The German electricity market
for example consists of four main players which did not lose much of their market power
since the liberalization of the German market in 1998. In 2007 the transmission operators
argued that they will not be willing to invest into further capacity as long as the regu-
latory framework is not adopted. Therefore, they shifted not only the responsibility of
the lower quality provided in services within the transmission sector but also within the
entire electricity sector including generation and distribution facilities, onto the German
regulator (Bundesnetzagentur). Hence, the Bundesnetzagentur as well as other regulators
would need independent analyses focusing on adequate risk determination and its inter-
dependence with regulatory actions, in order to assure an adequate investment behavior
and prevent such consequences as the above mentioned escalation.

Analyzing the dependence between both regulation and risk and regulation and returns
has a long history. Pegrum (1957) recognized first that regulation has a negative impact
on the investment behavior of regulated firms. Several years later, Pegrums approach was
enhanced by stochastic components as eg. the evaluation model, developed by Brennan
and Schwartz (1982). Herein, the authors prove that regulated firms are confronted with
higher risk than unregulated companies. Until now, there are numerous studies dealing
with the problems of regulation and investment behavior. For a good overview about
these articles see Alesina et al. (2003).

In this article we concentrate on the impact of events on regulated companies. Herein,
regulatory events as well as non-regulatory events are considered. The most common
procedure to analyze the effects of a certain event on a company’s risk and return is given
by event-study methods.

Schwert (1981) was the first dealing with stock price data instead of accounting data
in order to measure regulatory effects on producers’ profit. Binder (1985) tested the
usefulness of stock returns for measuring regulatory influence on companies. He shows
that regulatory news which do not declare a fixed date for changes in the regulatory
system are totally anticipated. In a more recent study, Havenner et al. (2001) examine
the regulated sector for cable television. They illustrate that (for several agents) the
non-diversifiable risk would increase if the regulatory framework changed. Despite the
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existence of a considerable amount of studies dealing with the subject of regulation and
its impact on companies, it is not clear whether regulatory news induce a positive or
negative effect on stock market returns. Due to numerous incidents in generation facilities
as well as power outages in 2007, the German market was brought into the center of
discussions in the context of regulation in Europe. Therefore, we focus in this article on
the analysis of the relationship between regulation, events, returns and risk for Germany
and include regulatory news as well as non-regulatory news in the event study approach.
Section 2 provides an overview of the German Electricity market and its importance for
the European transmission system. Section 3 focuses on the event study. Herein, the
econometric model, the determination of representable events that influence the returns
of regulated companies and the adherent results are covered. In the following section 4,
we derive two different models in order to determine the impact of significant events on
the companys risk and excess returns. By applying a GARCH model, we analyze whether
the impact on stock market returns is persistent. In a last step, we estimate the risk
exposure due to certain significant events by applying Kalman filters and estimating the
intertemporal beta-variations. Section 5 summarizes and draws together the principal
conclusions.

2 The German Electricity Market

The German market has the highest demand for energy in Europe. It forms due to its
geographical position one of the most important transit markets for energy. Consequently,
a well functioning German market is important for the network stability and reliability all
across Europe. The liberalization of the German market started with the implementation
of the EU Electricity Directive in 1998 (EnWG). Herein, full customer liberalization and
unbundling are covered. The German regulatory system started with a negotiated third
party access (TPA) with ex-post control which was revised twice, a few years afterwards.In
order to implement incentive based regulation, which became very common in Europe
recently, the German regulator intends to change the regulatory framework again.
The German energy market is characterized by a high level of concentration in both,
vertically and horizontally effective direction. More than 80% of the generation capacity
belongs to the four main players (RWE, E.ON, EnBW and Vattenfall).1 Strategical impor-
tant transmission and distribution facilities are also exclusively owned by this oligopoly.
Bearing in mind the reduced competition in Germany, it becomes obvious that the four
main players are in a dominant position against the regulator. In the last two years, the
regulatory system was often criticized. The regulated companies blamed the regulator for
preventing investments and innovations as a consequence of inadequate cost calculations,
which do not account for effective risk values or changes in the cost structure. One major
issue was the impact of regulation on company returns. This is not explicitly covered
in the regulatory pricing schemes. In this article we place the emphasis on exactly this

1For a deeper insight into the German concentration problems see for example Drasdo et al. (1998)
or Brunekreeft (2003).
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subject. In order to determine an adequate procedure for risk covering, we introduce the
most important utilities - RWE, E.ON, EnBW, Vattenfall - first.

Rheinisch-Westfaelisches Elektrizitaetswerk (RWE) RWE consists of several RWE
groups, which include RWE Power, RWE Dea, RWE Gas Midstream, RWE Trading etc.
The regulated company part is legally unbundled whereas the other subsidiaries still form
an integrated company. RWE’s activity is focused on Germany, UK and Central Eastern
Europe. Its shares are listed at the stock exchange in Frankfurt and publicly traded with
a free float of 89%.

Vattenfall (VAT) The company name Vattenfall is Swedish and can be translated
as waterfall. It is the abbreviation for the original name “kungliga Vattenfallstyrelsen”
(engl.: royal waterfall agency). Vattenfall is a supplier and distributor of electricity in
Sweden, Germany, Finland and Poland. It is the largest utility group in Northern Europe
with 320.000 MW of generation capacity. Vattenfall is also listed at the stock exchange
but not publicly traded as it is completely owned by the Swedish government. Hence, it
will be considered as reference company in this study in a first step, but neglected for
further analysis.

E.ON E.ON is a similar company to RWE, which consists of several subsidiaries and
has 80.71% of free floating shares. More than 60 % of these were held by foreign investors.
The total market capitalisation of E.ON reached a value of 87,283.62 million Euro in 2007.

Energie Baden Wuerttemberg (EnBW) EnBW is a much smaller company with
only 13,000.32 million Euro market capitalisation. Only 1.78 % of their shares are pub-
licly traded. 45.02% of EnBW are owned by ”Zweckverband Oberschwaebische E-Werke
(OEW)” and 45.01% belong to ”Electricite de France International (EDFI).

With the exeption of VAT, the above mentioned companies provide the dataset for the
following analysis.

3 Measuring the Effects of Certain Events

In this section we determine possible important events for risk analysis and provide the
necessary econometric background in order to analyze its impact on a company’s returns.

3.1 Data

Daily stock price data for the four main players in the German electricity market is
collected for the period between February 2005 and February 2008. The resulting time
series consists of 765 observations.

3
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For our analysis, we refer to stock market news as well as regulatory news. The non-
regulatory event data for the electricity industry is collected by using a similar approach
as Dnes and Seaton (1999a) or Dnes and Seaton (1999b), who determined their events
with respect to the Financial Times and the Times. In order to measure regulatory risk,
it is necessary to deviate slightly from this procedure. Regulatory events can be identi-
fied by checking the regulatory agency’s action and the regulatory defaults mentioned in
reports of the European Commission. It has to be noted that some of the news published
may have already been anticipated by the market and are therefore not included in the
analysis. Moreover, all events mentioned in this study fulfill the following criteria:

• An event has to concern at least one of the considered companies.

• Furthermore, several company specific events are considered as for example the
going-public of subsidiaries (D3).

• Events which occur more than once are not subsumed in one dummy vector as
the effect of an intervention depends also on a company’s past performance. This
implies consequently that subsumptions may lead to biased results. Hence, we take
provision for the fact that similar events can influence a company at different points
in time in different ways. In order to avoid overlapping effects between regulatory
actions and stock market fluctuations, all regulatory events which fall together with
trading recommendations and/or stock market events are excluded.

For the time period between 2005 and 2008, 12 events are taken into consideration. The
properties for the dummies as date and length are summarized in Table (4) in the Ap-
pendix. In order to determine the dummy vector, the first date at which the information
became presumably available for the market and its agents has to be identified. This is
given in the column labeled start date. The length of the dummy in days is determined
by the assumed impact on stock market returns a certain event may have. In our analysis
we include dummies with 2 or 4 days duration.

• D1: The German regulator shortens tariffs, in January 2008, for transmission and
distribution system operators. In this context, E.ON and RWE are primarily af-
fected.

• D2: The web-based subsidiary of RWE - Eprimo wins about 90,000 new customers.
Consequently, the competition between Eprimo and the web-based subsidiary of
E.ON increased.

• D3: RWE postpones going public of American Water. American Water is a sub-
sidiary of RWE dealing in water supply in North America.

• D4: The European Commission passed the EU directive for ownership unbundling
(OU). OU implies that European utilities have to sell their grid companies in the
long run.
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• D5: Starting with this date, gas system operators have the duty to publish costs
and internal pricing. The German Bundesgerichtshof (BGH) confirms the legality
of this data collection.

• D6: Extraordinary shut-down of two nuclear power plants (Biblis A and Biblis
B), which are owned by RWE. The shut-down was caused by defective connection
between gudgeons at the piping anchorage.

• D7: Reduction in fees in 2006 (similar to D1).

• D8: Incidents in Kruemmel and Brunsbuettel. Kruemmel and Brunsbuettel are the
major nuclear power plants owned by Vattenfall. A short circuit leads to a discon-
nection between Brunsbuettel and the 380 kV transmission grid. In Kruemmel, one
of the 380 KV transformers catched fire. As a consequence of the disconnections,
both nuclear power plants were shut down.

• D9: As a result of the series of incidents in nuclear power plants, several customers
decide to change their transmission system operators. (equivalent to D12).

• D10: The European Commission imposed a fine of 38 million Euro on E.ON. E.ON
was accused to impede scrutinies from the European antitrust authority.

• D11: E.ON planed to take over the Spanish energy company Endesa. During the
takeover, Italys’ main player (ENEL) in the electricity market purchased 10 % of
Endesas shares.

• D12: see D9.

3.2 Event Study - Econometric Methods

As a result of regulation and changes in the regulated utility sectors, several event studies
came up in the last decade. A lot of this work concerns the UK- or the US-markets as in
Sawkins (1995) Wood and Kodwani (1995), or Prager (1992).
As a starting point for the analysis of effects of news on stock returns, we use a similar
approach to Fama et al. (1969) and extend it by dummy variables, which allow the
intercept to vary around a certain event. The equation for regression becomes:

Rit = βiRmt + ΣJ
j=1γijDjt + ǫit t = 1, ...T (1)

with:
Rit as the log returns on shares of firm i at time t. Rmt represents the log returns on the
market portfolio at time t for the relevant market; herein, the DAX Index is considered
as market return. Equation (1) is estimated for each utility company which is listed on
the German stock exchange in Frankfurt (XETRA) within the considered period.
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3.3 Event Study - Results

Equation (1) is estimated for the considered sample, including 12 dummies. This means
running 48 OLS regressions. The results are given in Table (1)2.
For all considered companies the stock market returns provide a significant result. For
E.ON and EnBW none of the dummies provide significant results.
For RWE dummies D2, D3, D5 and D9 are significant. All events which influence the
returns of RWE’s subsidiaries also have an impact on the holding company. Moreover,
only the regulatory event D6 (price setting in 2006) causes RWE returns to change. VAT
on the other hand would only be affected by the regulatory event D1 (new tariffs in 2008)
and D4 (Unbundling). The fact, that the coefficient is close to zero goes in line with the
fact that VAT is not publicly traded. Hence, for further analysis VAT is not taken into
consideration.
Overall, the results provide a similar picture as in Robinson and Taylor (1998). Not all
regulatory initiatives have an impact on returns and not all companies are affected in an
equal manner. It can be concluded that certain news do not necessary influence stock
returns. However, as long as events influence stock market returns, the question arises
whether these events do also cause higher uncertainty and consequently, do increase a
company’s risk.

4 Risk Modeling

The extent to which the company is affected by news, displays its exposure to risk. By
calculating the adequate regulation, the costs which are related to regulatory risk has to be
taken into consideration by the regulator. Normally, the cost components can be divided
into equity and debt related costs. While the costs of debt are often assumed to be easy
to calculate by accounting data, equity costs have to be calculated by using a measure
for systematic risk. A model most common in practice is given by the Capital Asset
Pricing Model (CAPM), which was first introduced by Sharpe (1964), Lintner (1965), and
Mossin (1966).3 The variable, which signals the systematic risk is given by β. Changes
in this systematic risk are normally displayed by varying beta-estimations as mentioned
in Buckland and Fraser (2001) or Riddick (1992), but can also be measured directly by
analyzing changes in the volatility of returns and the persistence of these. In the following
subsections it is examined whether the event dummies have a significant impact on risk,
i.e. on the volatility of the stock returns in the time series. In this section only the
significant dummies from subsection (3.3) are included.

2***stands for significance at the 1%-level, ** for the 5%-level and * for the 10%-level respectively.
3The Capital Asset Pricing Model is described by the following formula: Rit = rf + βiMRP , with

MRP as market risk premium, and rf the risk free rate.
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RWE EnBW
Coefficient Probability Coefficient Probability

D1 -0.01102 0.13500 -0.00326 0.73180
D2 0.01057 0.04300** 0.00465 0.49090
D3 -0.03520 0.00000*** -0.00276 0.77170
D4 -0.00449 0.39050 -0.00443 0.51140
D5 -0.00975 0.06190* -0.00247 0.71400
D6 -0.00311 0.55080 -0.00043 0.94880
D7 0.00574 0.27430 0.00100 0.88280
D8 0.00001 0.99820 -0.00096 0.88660
D9 -0.01711 0.02050** 0.00106 0.91120
D10 -0.00407 0.43580 0.00487 0.46990
D11 0.00713 0.17360 -0.00006 0.99350
D12 -0.00260 0.61830 -0.00178 0.79170

LOG-DAX 0.81105 0.00000*** 0.16627 0.00070***
C 0.00051 0.18970 0.00058 0.25220

R-squared 0.40944 0.018167

VAT E.ON
Coefficient Probability Coefficient Probability

D1 0.01908 0.01000*** -0.00801 0.27930
D2 0.00112 0.83060 0.00807 0.12390
D3 -0.00935 0.20670 0.00480 0.51670
D4 0.00908 0.08340* -0.00574 0.27380
D5 -0.00020 0.96950 -0.00561 0.28460
D6 -0.00075 0.88550 -0.00027 0.95850
D7 -0.00163 0.75660 -0.00058 0.91280
D8 -0.00034 0.94900 0.00007 0.98980
D9 0.00169 0.81920 -0.00438 0.55440
D10 0.00170 0.74520 -0.00021 0.96820
D11 -0.00566 0.28160 -0.00021 0.96800
D12 0.00048 0.92740 -0.00069 0.89610

LOG-DAX 0.10530 0.00540*** 0.92953 0.00000***
C 0.00064 0.10150 0.00040 0.30730

R-squared 0.02832 0.455743

Table 1: Results CAPM Equation

4.1 Econometric Methods

In order to obtain a measure for regulatory risk, the impact of regulatory events on the
conditional variance of relevant stock returns is investigated. If the level of the conditional
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variance increases after the event, it can be concluded that the overall company risk
increased persistently.4 For this estimation, we follow two different approaches. In a first
step, we refer to Robinson and Taylor (1998) and Bollerslev et al. (1992), who analysed
the effect of certain news on volatility by means of a GARCH-model. In a second step,
we follow Paleari and Redondi (2005), Buckland and Fraser (2002) and Fisher and Kamin
(1985). Therefore, we employ a time varying state space model which uses the Kalman
filter procedure for estimating time varying betas.

4.1.1 Generalized Autoregressive Conditional Heteroscedasticity - Method

The conditional variance (over time) is modeled by using a GARCH (1,1) process5 which
is based on the ARCH-model first mentioned in Engle (1982).
The model is of the form:

Rit = β0 + β1Djt + βsDLt + ǫt (2)

ǫt|It−1 ∼ N(0, h2
t ) (3)

h2
t = α0 + α1ǫ

2
t−1 + α2σ

2
t−1 + c1Dit + c2DLt (4)

where:
Rit are the daily log returns of firm i at time t in percent. Djt are the dummy variables set
1 for the date of a particular event and 0 otherwise, called the impulse dummy variable.
DLt is the dummy level variable, set 1 for the date of a significant event and all dates
afterwards and 0 otherwise. DLt provides information whether the significant impulse
variable has a long-lasting effect; α1 and α2 display the ARCH and GARCH coefficients.
Formula (2) provides the mean equation as a function of exogenous variables with an
error term. Formula (4) indicates the variance equation, including information of the
conditional variance based on past variance (σ2

t−1) and former standard errors (ǫ2
t−1).

The second possibility to estimate dependencies between news and a company’s risk is
given by Kalman filters.

4.1.2 Kalman Filter Modeling

The Kalman filter, first introduced by Kalman (1960), allows the estimation of betas
for different considered periods. A Kalman filter is a recursive filter that analyzes the
state space of a dynamic system with incomplete and noisy observations. Its advantage
lies in its iterative characteristics, such that real time applications of Kalman filtering
become possible. Furthermore, it determines the parameters of interest as a function of
past values and random error terms. Kalman filters require specified starting values in
order to utilize all available information and allows for the impact of events (shocks) to
the beta process, which have to be determined a priori. In general, comparing GARCH

4If the considered event is mentioned as a regulatory intervention or proclaimed intervention, we
proclaim this risk as regulatory risk.

5Due to diagnostic checking, the GARCH (1,1) model provides the best model fit.

8

775



modeling and Kalman filters, the Kalman filter approach is the preferred method for the
estimation of time varying coefficients as it produces smaller forecast errors.6

The basic assumption for using Kalman filters in this context implies that a company’s
beta is not constant over time; formally, the space equation can be specified by:

Rit = α + βtRmt + ǫt (5)

The process for the time varying beta is given by a following state equation as7:

βt = φβt−1 + δDit + γt (6)

where Rt is the return for company i, Rmt is the return of the market index, βt is time
varying estimates for company’ systematic risk, Dit is a company-specific impulse dummy
variable and ǫt and γt are the stochastic error terms.
In order to implement the Kalman filter, starting values for the model coefficients have to
be specified. These were determined by the fixed estimators from a simple OLS regression.
Once the starting values are obtained, the model is estimated by maximizing the log
likelihood function.
The results for the above mentioned econometric models are provided in the following
section.

4.2 Results

4.2.1 Generalized Autoregressive Conditional Heteroscedasticity - Results

Using the Berndt et al. (1974) algorithm or the Marquardt (1963) iterative-algorithm for
equations (2) - (4), the GARCH model is obtained via maximum likelihood estimation.
The final results are reported in the following tables:
For all companies the estimated coefficients for β1, which indicates the dummy impulse
effects on the daily returns, have the expected signs, i.e. the same signs as in the regression
mentioned in section 3.3. For RWE only D2 leads to a significant level increase in the
variance equation, which is significant at the 10-percent level. The regulatory news do
not cause a persistent higher volatility in RWE’s returns.

6For a deeper insight into the comparison of different approaches see Lie et al. (2000).
7Due to testing null hypothesis of mean equal to zero, the events are analyzed with respect to a 2-day

and 4-day event window (as highlighted in the Appendix) and compared to a 300-day estimation period
(before the event).
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RWE
Coefficient Prob.

LOG-DAX 7.72E-01 0.0000***
D2 0.008291 0.0145**
D3 -0.047266 0.0968*
D5 -0.010432 0.1105
D9 -1.90E-02 0.0000***
C 6.33E-04 0.0817
Variance Equation
C 9.04E-05 0.0000

RESID 0.183879 0.0000
GARCH -0.071977 0.4802

D2 -7.70E-05 0.6823
D3 0.00041 0.814
D5 6.85E-05 0.7773
D9 -5.82E-05 0.9471

D2L 0.000147 0.0701*
D3L 5.80E-05 0.3349
D5L -1.39E-05 0.2944
D9L -5.75E-05 0.4326

R-squared 0.40093
DW - stat. 1.90760

Table 2: Results RWE

4.2.2 Kalman Filter - Results

The following table highlights the results for abnormal returns and beta-variation of RWE
returns with respect to the significant dummy variables from section 3.3. Abnormal
returns (AR)8 are defined as a difference between the actual returns r and the expected
returns resulting from equation 5. Subsequently, the cumulated abnormal returns were
averaged over the length of the event window in order to obtain an average daily abnormal
return in the event window. This highlights the average effect of a certain event on a
company’s returns. The second parameter provided is the beta variation. The maximal
beta variation is defined as the difference between the beta value before and the maximal
value of the beta during the event window. Formally, this can be written as Δβi =
βi,max − βi,0, with βi,0 as starting value for the beta-variation.

8Abnormal returns are determined by ARit = Rit −
(

βiRmt +
∑J

j=1
γjiDij + ǫit

)

. We compute

cumulative abnormal returns for respective companies for the whole event window. In the next step
the average daily abnormal returns are calculated to examine the relative performance of the respective
companies in the event window.
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Event Δ Abnormal returns in % Maximal Beta variation
D2 0.0116 0.0370
D3 -0.0334 1.8209
D5 -0.0087 0.9193
D9 -0.0011 0.2077

Table 3: Abnormal Returns and Beta variation for RWE

The deviations between excess returns and expected returns (abnormal returns) with
respect to a certain event are rather low. This leads to the conclusion that in comparison
to the index, the considered electricity companies perform well. The stock price data
shows no strong outperformance with respect to the German DAX-index. The maximal
beta variation is of much more importance than the excess returns as it allows to analyze
the risk exposure directly. The time varying beta measures the maximal deviation of
the systematic risk due to a certain event. As highlighted in the previous table and also
visualized by the following figure, the beta variation for RWE reach a value up to 1.82.
Analyzing systematic risk (beta) deviations more deeply and without aggregation for the
several event windows, the following picture occurs.
For RWE we can observe low variations. For the 4-day event D2 beta falls immediately
from about 0,8 to about 0,4 on the second day in the event window, remains at this level
until the first day after the event window and reaches its pre-event level of about 0,8 on
the second day after the event. Similar beta variations can be observed for the 4-day
event D5 and D9, whereas for the 2-day event D3 changes in beta are rather moderate as
beta falls from 0,81 to only 0,77 on the last day in the window and reaches its pre-event
level on the second day after the event.9

9As highlighted in the previous figure, the beta-value for D5 reaches a level beneath zero, which is not
anomalous as daily stock price data is considered.

11

778



Figure 1: Time varying Beta - RWE

5 Summary and Conclusion

Within this article, we examined whether regulatory actions set or news provided, affect
the expectations of stock market investors and influence their risk exposure. The analysis
followed a two step procedure. In a first step, the impact of news on stock returns in
the German electricity sector is analyzed. Only some news have an impact on stock
returns. These findings go in line with Fanara and Gormann (1986). In a second step the
impact of news on risk is investigated by modeling the conditional variance as a GARCH
(1,1) model by using the significant dummies from the first regression. Only for RWE a
non-regulatory event leads to a persistent increase in volatility. All other events do not
provide persistent impact on returns. Within this second step, we provide, additional to
the GARCH-modeling, similar results with respect to Kalman filters. Herein, the time
varying systematic risk (given by the CAPM − β) is highlighted.
Analyzing the changes in abnormal returns, we find almost moderate market reactions.
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For RWE average daily abnormal returns lie within the 1- to 3-percent level. Negative
results are provided for D3, D5 and D9.
We find that the significant events cause variations in the beta risk factor for the respective
energy supplier, RWE. For RWE the beta variations are small and systematic risk returns
to its pre-event level quite immediately.
Concluding, in Germany the considered events do not pertain all companies in an equal
manner. Moreover, E.ON and EnBW are not affected by any of the considered events in
the time period between 2005 and 2007. VAT only provides coefficients close to zero and is
therefore not taken into consideration for further analysis. For the significant events which
cause RWE’s returns to change, it becomes obvious that this reaction is not persistent.
Hence, it can be concluded that there is no evidence for regulatory risk or risk exposure
due to certain events which do mainly affect the regulated area in Germany. A further
consideration of regulatory actions within the cost calculation or risk determination for
regulated utilities is consequently not necessary.
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Appendix

Dummy Event Length Startdate
D1 Reduction in fees 2008 2 10/01/08
D2 Eprimo (RWE subsidiary) wins 90000 new customers 4 23/01/08
D3 RWE postpones going public of American Water 2 14/11/07
D4 European Directive for Ownership Unbundling 4 19/09/07
D5 Duty to publish pricing for gas operators 4 19/06/07
D6 Extraordinary shut-down of two nuclear power plants (Biblis A and B) 4 16/10/06
D7 Reduction in fees 2006 4 05/06/06
D8 Hazardous incident in Kruemmel and Brunsbuettel 4 28/06/07
D9 VAT loses customers part 1 4 02/11/07
D10 E.ON has to pay a fine in the height of 38 Mio. Euro 4 30/01/08
D11 ENEL owns 10 % ENDESA shares 4 28/02/07
D12 VAT loses customers part 2 2 10/12/07

Table 4: Event-Diary
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1 Introduction 

It is observed that an investor holds a major portion of the equity portfolio in his or her 

domestic market. French and Poterba (1991) state that the domestic ownership share of the 

world’s five largest stock markets is: US (92.2 %), Japan (95.7 %), UK (92 %), Germany (79 

%) and France (89.4 %). This is contrary to Sharpe’s (1964) and Lintner’s (1965) traditional 

international capital asset pricing model (ICAPM) which predicts that an investor should hold 

equities from a country as per that country’s share of world market capitalisation. The situation 

where an investor holds far too high a share of his or her wealth in domestic securities 

compared with the optimal share predicted by the traditional theory of portfolio choice is 

termed as “home bias”. 

 

The empirical investigation into the home bias puzzle is important for several reasons. First, 

one of the major problems in the research on home bias has been the relatively poor quality of 

data on cross-border holdings. In previous studies (Cooper & Kaplanis 1994; Tesar & Werner 

1995; Bekaert & Harvey 2000), the cross-border holdings were estimated using accumulated 

capital flows and valuation adjustments. Warnock and Cleaver (2003) show that capital flows 

data are ill suited to estimate bilateral holdings because capital flows data track the flow of 

money between countries and the foreign country identified in flows data is that of transactor 

or intermediary, not the issuer of security. Capital flows data will produce incorrect estimate 

when intermediary and issuer countries differ. In 1993, the IMF Committee on Balance of 

Payments decided to promote an idea for an internationally coordinated benchmark survey of 

long term portfolio investment holdings so that the countries undertaking the benchmark 

survey of holdings would be in a position to obtain a reasonable estimate of the outstanding 

balances, at market price, of the level of portfolio investment held by their residents, rather 

than merely summing the balance of payments flows. The reasonable estimate thus obtained, 

would reduce, to some extent, the imbalance at the global level.  

 

In 1997, the IMF conducted the first CPIS in which 29 countries participated; the next survey 

was conducted in 2001 in which 68 countries participated; and currently CPIS is being 

conducted on an annual basis. At the end of 2002 (68), 2003 (70), 2004 (74) and 2005 (74) 

countries participated in the CPIS. At the end of 2005, US$25.85 trillion was invested globally, 

comprising US$10.57 trillion in equity securities and US$15.28 trillion in short term and long 

term debt securities. Out of a total of 10.57 trillion US$, the top ten economies (US, UK, 
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Japan, Luxembourg, France, Germany, Switzerland, Netherlands, Cayman Islands and Canada) 

invested US$8.31 trillion in equity securities. 

 

This paper contributes to the existing literature by employing the International Monetary 

Fund’s (IMF’s) Coordinated Portfolio Investment Survey (CPIS) dataset on bilateral equity 

holdings for the years 2001 to 2005. CPIS reports (in US currency) data on foreign portfolio 

asset holdings (divided into equity, long term debt, and short term debt) by the residence of the 

issuer. The data is consistent in terms of the compilation criteria, i.e. participants undertake the 

survey at the same time; participants follow the same methodology, definitions and 

classifications; and participants also provide a breakdown of their stock of portfolio investment 

assets by residence of the issuer.  

 

Second, the existing literature on home bias focuses on the role of information asymmetries, 

transaction costs, the role of institutions, the role of non-tradable to hedge idiosyncratic risk, 

and behavioural finance. The literature on the role of exchange rate volatility as a potential 

source of home bias is sparse. There is only one systematic study by Fidora et al. (2007) which 

focuses on the role of exchange rate volatility as a driver of portfolio home bias and also 

explains differences in home bias across financial assets (i.e. equity and bond).  

 

The current paper contributes to the literature on exchange rate volatility and home bias. This 

paper employs a Markowitz type international capital asset pricing model which incorporates 

real exchange rate volatility as stochastic deviations from purchasing power parity (PPP). Real 

exchange rate volatility induces a bias towards domestic financial assets because it puts 

additional risk on holding foreign securities from a domestic currency investors’ perspective, 

unless foreign local currency real returns and the real exchange rate are sufficiently negatively 

correlated. This paper empirically tests the above hypothesis and investigates the role of real 

exchange rate volatility on equity home bias over the years 2001 to 2005, for 46 source 

countries (including 24 mature and 22 emerging economies) and about 200 host countries 

(including 113 mature and 87 emerging economies)2 in the presence of various gravity type 

control measures including distance, trade, language legal origin, correlation and also in 

presence of various source country groups (including both mature and emerging economies, 

and only mature economies).  

 

                                                 
2 List of countries can be obtained from author, on request. 
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Third, this paper develops a model for tax related to source country investor’s foreign equity 

returns and also investigates the impact of real exchange rate volatility on equity home bias in 

presence of tax as a control measure.     

 

Fourth, traditional studies on home bias assume that portfolio investors can hold a world 

market portfolio. However, Dahlquist et al. (2003) state that portfolio investors can only hold 

the float adjusted world market portfolio, i.e. a world portfolio of shares not held by insiders. 

Fidora et al. (2007) investigate the effect of real exchange rate volatility on the traditional 

measure of home bias. The current paper contributes to the existing literature on home bias by 

constructing float adjusted measure of global equity home bias over the years 2001 to 2005 and 

investigating the effect of exchange rate volatility on the float adjusted measure of home bias. 

 

Fifth, global financial integration is increasing. The uncertainty and risk that may arise due to 

exchange rate volatility may explain an important part of the pattern of global financial 

integration, which may also have an economic policy implication. Real exchange rate volatility 

should be incorporated in the models related to financial integration, macroeconomic stability 

and home bias. 

 

This paper provides answers to the following: How to construct float adjusted measure of 

equity home bias. How to develop a model for tax related to source country investor’s foreign 

equity returns. What is the effect of real exchange rate volatility on global equity home bias, in 

the presence of various control measures commonly used in gravity literature on trade in goods 

and assets?  

 

This paper constructs a float adjusted measure of global equity home bias. Results indicate that  

real exchange rate volatility is a key determinant of equity home bias. Real exchange rate 

volatility remains a significant driver of equity home bias in presence of various control 

measures. 

 

The results have some implications for economic policy. Real exchange rate volatility is an 

important factor that should be included in home bias and international financial integration 

models. Exchange rate volatility introduces a macroeconomic policy dimension into 

international financial integration and plays an important role along with information costs, 

transaction costs and governance. Real exchange rate volatility should be taken into account in 

the formulation of overall macroeconomic and monetary stability policy models.     
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This paper is structured as follows: Section 2 provides a literature review of the home bias 

puzzle. Section 3 describes the float adjusted measure of home bias. Section 4 discusses the 

theoretical framework and empirical specification. Section 5 describes the sources of global 

equity home bias, including real exchange rate volatility, familiarity and diversification. 

Section 6 describes the empirical results and, finally, section 7 provides a conclusion. 

 

2 Literature Review 

Lewis (1999) and Karoyli and Stulz (2003) provide excellent reviews of the home bias 

literature. The literature on home bias revolves around different motives of investors, including 

explicit barriers to international investment, hedging motives, information asymmetries and 

behavioural biases. Black (1974) and Stulz (1981a) develop a two-country capital market 

equilibrium model where there are barriers to cross border investment and these barriers can be 

considered as tax on net foreign investment. This tax represents various kinds of barriers to 

international investment, such as direct controls on the import or export of capital, possibility 

of expropriation of foreign holdings, reserve requirements on bank deposits and other assets 

held by foreigners, and restrictions on the fraction of business that is owned by foreigners. It 

may also include barriers due to information asymmetries, i.e., unfamiliarity of residents of one 

country with the stock markets of other countries. Cooper and Lessard (1981) developed an 

international capital market equilibrium model which allows for differential taxes on foreign 

investment depending on the country of investment and the origin of the investor. Cooper and 

Lessard (1981) create unique solutions for taxes under extreme assumptions that taxes depend 

on the country of investment, or on the origin of the investor. Cooper and Kaplanis (1986) 

derive efficient portfolios in a world where there are barriers to cross border investment, which 

depend both on the domicile of the investor and his country of investment.  

 

Solnik (1974) and Adler and Dumas (1983) state that should there be zero inflation, investors 

can hedge foreign exchange risks through money market positions, therefore, in principle, 

foreign exchange risks do not affect equity portfolios. Stulz (1981b) states that investors in 

different countries consume different goods and, hence, are exposed to different inflation risks 

which can lead them to hold different portfolios of equities if portfolios that hedge these 

relative price risks include stocks.  Cooper and Kaplanis (1994) find that hedging against 

inflation risk cannot explain the home bias. Pesenti and Wincoop (2002) investigate the extent 

to which nontradables can affect the portfolio allocation decision in integrated capital markets. 

They find that hedging against nontradables shocks can account for only a small portfolio bias 

towards domestic assets. Baxter and Jermann (1997) find that the returns to human capital and 

physical capital are very highly correlated within four OECD countries (Japan, Germany, UK 
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and US) and hedging human capital risk involves a substantial short position in domestic 

marketable assets.  

 

Investors have different expectations about stock returns, volatilities and covariance. Gehrig 

(1993) uses a noisy rational expectations model to investigate the effect of asymmetric 

information between domestic and foreign investors. Investors observe noisy signals with 

different degrees of precision. Domestic investors receive signals of future returns that are 

more precise. The investors remain incompletely informed, even in equilibrium. Domestic bias 

arises from better investor information about domestic stocks. Thus, on average, foreign 

investments appear to be more risky. Hasan and Simaan (2000) derive the premium that an 

investor is willing to pay to buy the full information of the mean return vector and show that 

rational investors prefer home country dominated portfolios over diversified portfolios if the 

variability of estimation errors far exceeds the variability of the mean return vector. Jeske 

(2001) states that in an economy where investors have better information on their domestic 

equity, they would indeed face a lower variance of returns, but their expected returns would 

also differ from those of foreign investors, depending on whether domestic investors observed 

a signal indicating high or low returns on domestic stocks. Such informed investors would 

need to hold fewer domestic stocks than foreigners do if the information indicates a low-

enough expected return. Campbell and Kraussl (2007) empirically investigate the international 

equity allocation for the downside risk investor using nine international markets’ returns over 

the last 34 years and their results hold for both daily and monthly data and also from an 

international perspective. They state that due to greater downside risk, investors may think 

globally, but instead act locally. Their model’s results provide an alternative view of the home 

bias puzzle. 

 

Several research papers use survey data for behavioural explanation of the home bias. Shiller et 

al. (1996) state that investors are more optimistic about their home equity markets than foreign 

markets, using survey data from the US and Japan. Strong and Xu (2003) use survey data of 

fund managers’ views on prospects for international equity markets to shed light on why 

investment portfolios are significantly biased towards domestic equities. They find that fund 

managers from the US, the UK, continental Europe and Japan show a significant relative 

optimism towards their home equity market. Their evidence lends support to behavioural 

explanations of the bias. 

 

Several research papers have considered the effect of indirect barriers, such as information 

asymmetries, on equity investment and home bias. Merton (1987) develops a model where 

investors hold stocks that they know. In this model, investors believe that the risk of stocks 
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they do not know is extremely high. Accordingly, the investors may overweight domestic 

stocks. Coval and Moskowitz (1999; 2001) show that the weight of a US stock in US mutual 

funds is negatively related to the distance between the location of the fund and the location of 

the headquarters of the firm. The mutual fund managers do better with their holdings of stocks 

of firms located more closely to where the mutual fund is located. Ivkovic and Weisbenner 

(2005) find that households exhibit a strong preference for local investments. They state that 

the average household generates an additional annualized return of 3.2% from its local 

holdings relative to its nonlocal holdings, suggesting that local investors can exploit local 

knowledge. Portes et al. (2001) find that information asymmetries are responsible for the 

strong negative relationship between asset trade and distance. They investigate the roles of 

explicit information variables, including distance, in explaining separately cross-border trade in 

corporate equities, corporate bonds, and government bonds. Sarkissian and Schill (2004) find 

that geographic, economic, cultural, and industrial proximity plays a dominant role in the 

selection of overseas listing stock exchange. Their findings imply that proximity constraints 

that lead to home bias in investment portfolio decisions are similar to those which influence 

financing decisions. Amadi (2004) states that there has been a distinct reduction in equity 

home bias in recent years. The rise of the internet and mutual fund investment has affected 

changes in foreign diversification, supporting information asymmetries explanation. Portes and 

Rey (2005) explore a new panel data set on bilateral cross-border equity flows between 14 

countries, for a period from 1989 to 1996. They show that gross transaction flows depend on 

market size in the source and destination country, as well as trading costs, in which both 

information and the transaction technology play a role. In their model, distance proxies some 

information costs, and other variables explicitly represent information transmission, an 

information asymmetry between domestic and foreign investors, and the efficiency of 

transactions. They find that the geography of information is the main determinant of the pattern 

of international transactions, while there is weak support for diversification motive, in their 

data, once they control for the information friction. Chan et al. (2005) examine how mutual 

funds from 26 developed and developing countries allocate their investment between domestic 

and foreign equity markets and what factors determine their asset allocation worldwide. They 

state that the stock market development and familiarity variables have significant, but 

asymmetric, effects on the domestic bias and foreign bias and that economic development, 

capital controls, and withholding tax variables have significant effects only on the foreign bias. 

Mishra (2007) examines the bilateral, source and host factors driving portfolio equity 

investment across a set of countries using CPIS data on international equity holdings at the end 

of 1997, 2001 and 2002. He states that information asymmetries and cultural-institutional 

proximity are important for bilateral equity investment.  
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A number of papers investigate bias in equity investments related specifically to individual 

countries, viz, United States (Ahearne et al. 2004; Cai & Warnock 2004); Australia (Mishra & 

Daly 2006; Mishra 2008); Japan (Kang & Stulz 1997); Sweden (Dahlquist & Robertsson 2001; 

Dahlquist et al. 2003; Karlsson & Norden. 2007); Finland (Grinblatt & Keloharju 2001); 

Germany (Hau 2001); Korea (Choe et al. 2001; Kim & Wei 2002); Indonesia (Dvorak 2005).  

 

There are some papers on corporate governance and home bias. Dahlquist et al. (2003) state 

that there is a close relation between corporate governance and the portfolios held by investors. 

They show that US investors underweight those foreign countries in their portfolios which 

have closely held firms. They construct an estimate of the world float portfolio. They also 

analyse Swedish firm level data on foreign ownership and closely held shares, and show that 

the weight of a Swedish firm in the portfolio of foreign investors is inversely related to the 

fraction of firm held by controlling shareholders. Gelos and Wei (2005) examine whether 

country transparency affects international portfolio investment, by constructing new measures 

of transparency and by making use of a unique microdata set on portfolio holdings of emerging 

market funds around the world. They state that funds systematically invest less in less 

transparent countries and funds have a greater propensity to exit nontransparent countries 

during crises. Kho et al. (2006) find that the home bias of US investors decreased the most 

towards countries in which the ownership by corporate insiders is low, and countries in which 

ownership by corporate insiders fell. Using firm-level data for Korea, they find that portfolio 

equity investment by foreign investors in Korean firms is inversely related to insider ownership 

and that the firms that attract the most foreign portfolio equity investment are large firms with 

dispersed ownership.  

 

There are some theoretical papers on exchange rate volatility and home bias. Dudley (2003) 

develops a stylised small open economy model with a closed form solution to study the 

behaviour of the exchange rate. Results suggest that consumption home bias is an important 

feature which should be incorporated into the modern approach to international finance. Wang 

(2007) states that in a two country dynamic stochastic general equilibrium model, home bias in 

consumption is important to duplicate the exchange rate volatility and exchange rate 

disconnect. When home bias is high, the shock to uncovered interest rate parity can 

substantially drive up exchange rate volatility while leaving the volatility of real 

macroeconomic variables, such as GDP, almost untouched. The model predicts that the 

volatility of the real exchange rate relative to that of GDP increases with the extent of home 

bias and this relation is strongly supported by the data. Cooper and Kaplanis (1994) develop an 

indirect test of the impact of domestic inflation risk in the absence of purchasing power parity. 

Their test is based on an examination of the correlation between domestic equity returns and 
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inflation, rather than an analysis of the impact of real exchange rate volatility on home bias. 

There is only one systematic study by Fidora et al. (2007) that investigates the role of exchange 

rate volatility on home bias and also explain differences in home bias across financial assets, 

i.e. equity and bond. They state that real exchange rate volatility induces a bias towards 

domestic financial assets as well as a stronger bias for assets with low local currency volatility.  

 

3. Float adjusted Home Bias  

Suppose the source country is i  and the host country is j . Share of si′  equity in country j  

( )I j
i  is the ratio of si′ holdings of country j  equities to country si′  total equity portfolio. 

           I j
i   =   Country holdings of country si′ j  equities   (1) 

 

Country  total equity portfolio si′

Country  total equity portfolio = Investment by country si′ si′  residents in home equities + 

Investment by country  residents in foreign equities.      (2) si′

 

Investment by country  residents in home equities = Country si′ si′  market capitalisation - 

Country  equities held by foreign investors.      (3) si′

 

The market capitalisation value is determined from Standard and Poor’s (2006). The equity 

data is from IMF’s CPIS dataset on cross border portfolio equity investment for the years 2001 

to 2005.  

 

Sharpe’s (1964) and Lintner’s (1965) models are based on perfect markets. Their models 

assume that investment and consumption opportunity sets do not differ across countries and 

that investors are the same across countries with respect to risk aversion and information. 

There are no barriers to international investment, no restrictions on short sales, no taxes, no 

information asymmetries and no tariffs. The traditional ICAPM model suggests that to 

maximize risk adjusted returns, investors should hold equities from countries around the world 

in proportion to their market capitalisation.  

 

It follows that share of country equities invested in countrysi′ j  ( )I j
* , is the ratio of market 

capitalisation of country j  in the world market capitalisation.  

I j
∗  = 

world

j

MC
MC

          (4) 
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where  is the market capitalisation of country jMC j  and  is the world market 

capitalisation. This ratio is the benchmark of portfolio holdings to which the actual portfolio 

share is compared. 

worldMC

 

Ahearne et al. (2004) employs the traditional approach to measure home bias in the United 

States. The equity home bias is the deviation from the ICAPM benchmark, defined as one 

minus the ratio of foreign equities in the US and world portfolios.  

ijHB     =        ∗−
j

j
i

I
I

1                      (5)    

Home bias is equivalent to normalizing source country holdings in the host country by the 

country’s market capitalisation and then dividing by the share of host country holdings in the 

world market capitalisation. This measure provides percentage deviation of the actual portfolio 

from the market portfolio. In case of full international diversification i.e. = , home bias is 

zero and on the other extreme, if investors of country i do not hold any securities of count y 

j
iI *

jI

r

j , home bias is 100 percent.  

[INSERT TABLE 1] 

Table 1 presents the components of traditional home bias measure for 45 countries including 

23 mature countries and 22 emerging countries, as of December 2005. The mature economies 

constitute about 83 percent of the world stock market capitalisation. On the other hand, the 

emerging economies constitute about 9 percent of the world stock market capitalisation. The 

average home bias of mature economies is 66 percent and the average home bias of the 

emerging economies is 88 percent.  

 

Column (1) of the table presents percent share of foreign equities in source country’s portfolio. 

Column (1) indicates that percent share of foreign equity in some mature source countries’ 

portfolio is US (17.85), UK (36.89), Switzerland (40.21), Sweden (42.02), Singapore (20.65), 

New Zealand (38.65), Norway (47.73), Netherlands (85.29), Japan (10.17), Italy (42.94), 

Germany (42.68), France (31.46), Finland (39.91), Denmark (38.74), Belgium (50.11), Austria 

(42.25) and Australia (16.74). The percent share of foreign equity in some emerging source 

countries’ portfolio is Thailand (1.31), South Africa (10.75), Russia (0.07), India (0.01), Israel 

(8.87), Estonia (28.95), Argentina (13.86) and Mauritius (97.82). Column (2) of the table 

presents the percent share of each country in the world market capitalisation, under the 

assumptions that global capital markets are complete and investors in all countries have 

identical preferences and choose optimal portfolios based on traditional portfolio theory. The 

domestic market share of source countries’ in the world market capitalisation is US (38.85), 
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UK (7), Switzerland (2.15), Japan (10.84), France (4.03), Brazil (1.09), Argentina (0.14), and 

Estonia (0.01). For instance, the relative (weight of foreign equities in US portfolio relative to 

US portfolio’s weight in the world portfolio) weight in US portfolio for foreign equity is 46 

percent of what traditional portfolio theory would have predicted. The relative weight in 

Japanese portfolio for foreign equity is 94 percent of what traditional portfolio theory would 

have predicted. Column (3) indicates the measure of home bias as per equation (5). A greater 

value of home bias measure corresponds to a lower weight in source country relative to world 

portfolios and, thus, a higher degree of bias. The home bias measure for some mature source 

countries is US (0.71), UK (0.60), Switzerland (0.59), Sweden (0.58), Spain (0.85), Singapore 

(0.79), New Zealand (0.61), Norway (0.52), Netherlands (0.14), Japan (0.89), Italy (0.56), 

Germany (0.56), France (0.67), Finland (0.60), Denmark (0.61), Belgium (0.50), Austria (0.58) 

and Australia (0.83). The home bias measure for some emerging source countries is Argentina 

(0.86), Chile (0.85), Hungary (0.91), Mexico (0.98), Mauritius (0.02), and Thailand, 

Philippines, Malaysia, Egypt and Brazil (0.99).  

 

The traditional theory of home bias calculates the world market portfolio assuming that all 

shares issued by a corporation could potentially be held by foreign investors. Dahlquist et al. 

(2003) state that in countries with poor investor protection, firms tend to be controlled by large 

shareholders so that foreigners can hold only a small portion of issued shares that are freely 

traded or floated. Firms outside the United States are typically controlled by large resident 

shareholders (La Porta et al. 1999). These large resident shareholders are the controlling 

shareholders, who only sell their shares as a control bloc for a price significantly above the 

open market share trade prices. Shares held by the controlling shareholders are also known as 

closely held shares. The controlling shareholder would not sell his shares without being paid a 

premium to reflect the benefits he derives from control. The controlling shareholders may be 

officers, directors, and their immediate families, and the shares may constitute shares held in 

trusts, shares held by pension benefit plans, and shares held by individuals who hold 5% or 

more of the outstanding shares. The Japanese closely held shares represent the holdings of the 

ten largest shareholders.  

 

Suppose the controlling shareholders’ insider ownership is .α  Portfolio investors can only 

hold shares in a firm not held by the controlling shareholders. Portfolio investors (or non-

insiders) can hold ( )α−1  of the firm. Foreign investors can only hold a fraction a of the share 

held by non-insiders. Foreign investors hold ( )α−1a  of the firm if they have no home bias.    
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Dahlquist et al. (2003) state that portfolio investors cannot hold the world market portfolio, but 

can only hold the world market portfolio of shares not held by insiders; which is also known as 

the float adjusted world market portfolio. If all investors hold the float adjusted world market 

portfolio, then as insider holdings fall, foreign investors can buy a fraction of shares sold by 

insiders equal to the weight of the country in the float adjusted world market portfolio. But if 

foreign investors do not hold the float adjusted world market portfolio, then there is no 

necessary relation between a change in insider ownership and a change in shares held by 

foreign investors because all the shares sold by insiders could be bought by local investors.   

 

This paper calculates the float adjusted portfolio for countries and also float adjusted world 

market portfolio from DataStream’s Worldscope database. The float adjusted market 

capitalisation for a country is the sum of the values of free float market capitalisation for all the 

firms in that country. Free float market capitalisation is free float number of shares multiplied 

by the latest available share price, in millions of currency units. Free float number of shares is 

the percentage of total shares in issue available to ordinary investors, i.e., the total number of 

shares less the closely held shares. Appendix B provides annual data on the number of firms 

with free float market value.  

 

∑=
m

jmj MVFFMVFF         (6) 

where  is the float adjusted market capitalisation for country jMVFF j ,  is the free 

float market capitalisation of firm  in country 

jmMVFF

m j  and ∑
m

jmMVFF  is the sum of free float 

market capitalisation of all firms in country j . 

 

∑=
j

jworld MVFFMVFF         (7) 

where  is the sum of free float market capitalisation for the countries in the world. 

Appendix B lists the countries whose free float market capitalisation data is used for 

calculating the world float adjusted market capitalisation.  

∑
j

jMVFF

 

Upon incorporating free float measures, equation (4) becomes 

I jFF
∗

,  = 
world

j

MVFF
MVFF

         (8) 

 

Finally, the free float home bias measure is 
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ijFFHB ,     =        ∗−
jFF

j
iFF

I
I

,

,1         (9) 

where  is the float adjusted measure of home bias,  is the float adjusted measure 

of country  equity holdings in country 

ijFFHB ,

si′

j
iFFI ,

j  and  is float adjusted world market portfolio 

of country  

∗
jFFI ,

j . 

 

The empirical analysis in this paper employs the float adjusted home bias measure for the years 

2001 to 2005.  

[INSERT TABLE 2] 

Table 2 presents the components of traditional home bias measure for 44 countries including 

23 mature countries and 21 emerging countries, as of December 2005. The mature economies 

constitute about 83.9 percent of the world stock market capitalisation. On the other hand, the 

emerging economies constitute about 8.9 percent of the world stock market capitalisation. The 

average home bias of mature economies is 64 percent and the average home bias of the 

emerging economies is 85 percent.  

 

Column (1) of the table presents percent share of foreign equities in source country’s portfolio. 

Column (1) indicates that percent share of foreign equity in some mature source countries’ 

portfolio is US (27.15), UK (72.72), Switzerland (7.46), Sweden (40.43), Netherlands (86.64), 

Japan (9.63), Germany (63.11), France (21.31), Austria (24.69) and Australia (18.34). The 

percent share of foreign equity in some emerging source countries’ portfolio is Thailand (1.98), 

South Africa (26.59), Russia (0.08), India (0.01), Israel (22.47), Estonia (50.31), Argentina 

(4.04) and Mauritius (99.51). Column (2) of the table presents the percent share of each 

country in the world market capitalization, under the assumptions of standard portfolio theory. 

The domestic market share of source countries in the float adjusted world market capitalisation 

for some countries is US (26.61), UK (4.07), Japan (12.45), Germany (2.06), Thailand (0.23) 

and Argentina (0.57). For instance, the relative (weight of foreign equities in Japanese portfolio 

relative to Japanese portfolio’s weight in the float adjusted world portfolio) weight in Japanese 

portfolio for foreign equity is 77 percent of what traditional portfolio theory would have 

predicted. Column (3) indicates the float adjusted measure of home bias as per equation (9). A 

greater value of home bias measure corresponds to a lower weight in source country relative to 

world portfolios and, thus, a higher degree of bias. The float adjusted home bias measure for 

some mature source countries is US (0.63), UK (0.24), Switzerland (0.92), Sweden (0.59), 

Spain (0.94), Singapore (0.74), New Zealand (0.85), Norway (0.24), Netherlands (0.12), Japan 

(0.89), Italy (0.44), Germany (0.36), France (0.77), Finland (0.58), Denmark (0.54), Belgium 
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(0.66), Austria (0.75) and Australia (0.81). The float adjusted home bias measure for some 

emerging source countries is Argentina (0.96), Chile (0.69), Hungary (0.88), Mexico (0.99) 

and Thailand (0.98).  

 

4. Theoretical framework and empirical specification: equity home bias and real 

exchange rate volatility 

 

4.1 Theoretical Framework 

This paper employs a Markowitz type international capital asset pricing model which 

incorporates real exchange rate volatility as stochastic deviations from purchasing power parity 

(PPP), in accordance with Fidora et al. (2007). Real exchange rate volatility induces a bias 

towards domestic financial assets because it puts additional risk on holding foreign securities 

from a domestic currency investors’ perspective, unless foreign local currency real returns and 

the real exchange rate are sufficiently negatively correlated.  

 

The nominal (local currency) rate of return  and real (local currency) rate of return Dl Dr  of a 

domestic asset are given by the following equations: 
DDD il εμ ++=          (10) 

DDD ilr −= Dεμ +=         (11) 

where, μ  is constant and  is an error term with Dε ( ) 0=DE ε  and Var ( ) 2σε =D  

 

η+−=Δ FD iieln          (12) 

where, is variation of the domestic currency, is the domestic inflation rate,  is the 

foreign inflation rate, 

elnΔ Di Fi

η is an error term with ( ) 0=ηE and Var ( ) 2
ηση =  

 The nominal (foreign currency) rate of return  and real (local currency) rate of return Fl Fr  of 

a foreign asset are given by the following equations: 

 
FFF il εμ ++=          (13) 

ηεμ ++=−Δ+= FDFF ielr ln        (14) 

Equation (14) suggests that real return of foreign securities expressed in domestic currency 

depends on the shock to the return of the foreign security and on a shock measuring the 

deviation of the exchange rate from relative purchasing power parity, η . Any deviation of the 

exchange rate from purchasing power parity drives a wedge between real returns on domestic 

and foreign investment. 
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The global capital market consists of two countries, each of which offers equity. Following 

equations (11) and (14): 

 

R=           (15) 
( )
( )⎟

⎟
⎠

⎞
⎜
⎜
⎝

⎛
F

D

rE
rE

 

 This paper assumes that variances of nominal returns are identical and all errors are 

uncorrelated. The variance-covariance matrix of domestic currency real returns is given by: 

Σ =      (16) 
( )

( ) )⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛

+=

=
22

2

0
0

ησσ

σ
F

D

rVar
rVar

This paper follows Adler and Dumas (1983) and Cooper and Kaplanis (1994) and assumes a 

standard Markowitz mean-variance investor who maximizes a quadratic utility function, 

 

( ) ( ''

2
max RVarREU )λ

−=         (17) 

where,  ( )'RE  is the expected real return on a portfolio of risky assets, ( )'RVar  is the 

variance of returns and λ  is the coefficient of risk aversion. 

 

The investor chooses the optimal portfolio weights  for all individual assets in the portfolio, 

with respect to a vector of expected real returns 

w

( )RE  of the individual assets, variance-

covariance matrix Σ  of real returns and a unity investment restriction. The resulting 

optimization problem is given by the following Lagrangian, 

( ) ( 1
2

max ''' −−Σ−= IwwwREwL μ )λ
      (18) 

Derivation of equation (18) with respect to w  yields the optimal portfolio weights: 

( ) ( )
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
Σ

−Σ
−

Σ
= −

−−

I
II

REIREw 1'

1'1 λ
λ

       (19) 

( )

222

222

1'

1'

11

η

η

σσσ

σσ
μ

σ
μλ

λ

+
+

+
++−

=
Σ

−Σ
= −

−

I
REIA       (20) 

where   is portfolio constant. A
Substituting (15), (16) and (20) in (19) yields portfolio weights of domestic equity and foreign 

equity as follows: 
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( )⎟
⎟
⎟
⎟

⎠

⎞

⎜
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⎝
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−

=

−
=

=

22
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μ

λσ
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Aw
w

F

D

        (21) 

The world market portfolio  is defined as: *w

⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛

+=

+=
=

DFFDF

FFDDD

wWwWw
wWwWw

w
*

*
*        (22) 

where,  is the domestic fraction of world portfolio wealth, . DW DF WW −= 1
Substituting equation (21) into equation (22) yields the following expression of equity home 

bias, 

( )
( ) 22

2

*

*

1
1

η

η

σσ
σ

D

D

F

FF

W
W

w
wwHB

−+

−
=

−
=        (23) 

 

The above model gives rise to the following postulate which will be tested empirically: 

Home bias increases in real exchange rate volatility, which measures the degree to which 

relative purchasing power parity is violated. If the change in the real exchange rate volatility 

equals the inflation differential, i.e. relative purchasing power parity holds, home bias is zero. 

Conversely, as real exchange rate volatility increases to infinity, home bias converges to unity, 

which implies absence of foreign investment. 

 

4.2 Empirical Specification 

The primary goal is to investigate the effect of real exchange rate volatility on cross-country 

differences in bilateral home bias. The preferred estimator includes source and host country-

fixed effects, as these are able to control for nearly all country specific determinants of home 

bias. The following model also includes different potential sources of home bias other than real 

exchange rate volatility. These sources of home bias are based on the literature of gravity 

models including distance, trade, language, correlation and other proxies for information 

asymmetries. The objective is to test whether real exchange rate volatility continues to be a 

significant determinant of home bias even after controlling for these alternative hypotheses. 

This paper also empirically tests the following model for different source country groupings 

i.e. both, mature and emerging countries and only mature countries.  

 

( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )
( ) ( ) ( ) ( ) ij

ijFF

TAXLOLANDIS
TRDAREISLLCKBORCORRFLVOLHB

εαααα

ααααααααα

+++++

++++++++=

1211109

876543210,

                   (24)                                  
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where : Float adjusted measure of home bias, VOL : standard deviation of monthly 

change of the difference of bilateral nominal exchange rate and bilateral inflation differential, 

1995 to 2005, : share of host country’s stock market that is listed on source country’s 

exchanges, : correlation of monthly returns between source country and host country, 

1995 to 2005, : dummy which is equal to 1 if host and source country share common 

border, otherwise it is zero,  dummy which is equal to the number of landlocked 

countries, dummy which is equal to the number of island countries, natural 

logarithm of mathematical product of the countries’ land area in square kilometres, 

average of imports and exports normalised by the destination country’s GDP, 

:logarithm of the distance between countries,  dummy which is equal to 1 if host 

and source country share common language, otherwise it is zero,  dummy which is equal 

to 1 if host and source country share common legal origin, otherwise it is zero, source 

country investor’s taxation of returns to international equity investments, 

ijFFHB ,

CORR

ISL

FL

BOR

:

:LCK

:ARE

:TAX

:TRD

DIS :LAN

:LO

ijε : random error 

term. 

 

5. Sources of Home Bias  

Some of the possible sources of home bias in the global investor’s equity holdings may be due 

to exchange rate volatility, familiarity and diversification motives. These sources of home bias 

are discussed below. 

 

5.1 Exchange rate volatility 

Real exchange rate volatility induces a bias towards domestic financial assets because it puts 

additional risk on holding foreign securities from a domestic currency investors’ perspective, 

unless foreign local currency real returns and the real exchange rate are sufficiently negatively 

correlated. This paper takes the standard deviation of monthly real exchange rate changes over 

the period 1995 to 2005 as measure of exchange rate volatility. The data on exchange rates and 

consumer price index is from Data Stream. 

 

5.2 Familiarity 

Familiarity plays an important role in investors’ equity investment decisions (Mishra (2007; 

2008), Mishra and Daly (2006), Portes and Rey (2005), Sarkissian and Schill (2004), Aviat and 

Coeurdacier (2007), Coval and Moskowitz (1999; 2001), Portes et al. (2001), Grinblatt and 

Keloharju (2001) and Huberman (2001)). The following section discusses the familiarity 

control measures of home bias: foreign listing, trade, distance, language, legal origin, etc.  
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(i) Foreign Listing ( ) FL

Foreign Listing is the share of a host country’s stock market that is listed on source country’s 

stock exchanges (either directly or has issued public debt in the source country). When host 

countries firms list equity on source country’s stock exchanges or issue public debt in source 

country’s markets, barriers to source country’s investors are reduced. The listed securities have 

increased investor recognition; lower transaction costs and better settlement in source country. 

The listed firms are able to adopt the source country’s accounting standards, disclosure 

requirements and regulatory environment. Accordingly, the listed firms are able to produce 

higher quality financial information, which reduces information costs. This reduction in the 

information costs makes the firm more attractive to source country’s investors. 

 

Baker et al. (2002) state that firms that list publicly in the United States are more visible to US 

investors. Cross listing makes information more readily available and the cost of gathering 

information on foreign firms is also reduced. Local investors can readily access foreign equity 

of the listed foreign firms in their domestic markets. Ahearne et al. (2004) state that to publicly 

issue debt or list equity on US exchanges, a foreign firm must reconcile its accounts with US 

generally-accepted accounting principles (GAAP), meet the security exchange’s stringent 

disclosure requirements, and subject itself to the associated regulatory burden. This allows 

investors to gather high quality financial information on companies at lower costs. The foreign 

countries whose firms do not alleviate information costs by opting into the US regulatory 

environment are more severely underweighted in US equity portfolios. The data on the host 

country’s stock market that is listed on source country’s stock exchanges is from IMF’s CPIS 

database.  

 

(ii) Trade  ( )TRAD

Trade  is the average of imports and exports normalised by the destination country’s GDP. 

This measure is in accordance with Mishra (2008) and Ahearne et al. (2004). Obstfeld and 

Rogoff (2001) construct a two country model in which trade costs in goods markets give rise to 

home bias in both portfolio and consumption decisions. Investors may be inclined to hold 

securities of close trading partners for various reasons including hedging, familiarity with host 

country’s products or spillovers of information. Investors are better able to attain accounting 

and regulatory information on foreign markets through trade in goods. Mishra (2007) and Lane 

and Milesi Feretti (2004) state that bilateral equity investment is strongly correlated with the 

underlying patterns of trade in goods and services. Mishra (2008) states that trade linkages are 

found to have a mixed impact on Australia’s equity home bias. This variable is expected to 

have a negative impact on the measure of home bias. The data on imports and exports is from 
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IMF’s Direction of Trade Statistics and GDP data is from World Bank’s World Development 

Indicators.     

 

(iii) Distance  ( )DIS

Distance is the logarithm of the distance between capital city of source country and host 

country in kilometres.  Geographical distance is a barrier to interaction among economic agents 

and cultural exchange. Countries which are relatively close geographically can also be 

expected to share cultural similarities, which tend to lower information costs. In spite of 

technological advances which have lowered the effect of distance on information costs, 

investors may still be inclined to underweight equities in countries that are far away and 

perhaps unfamiliar to them. Li et al. (2004) state that investors tend to hold more securities in 

countries that are geographically closer to them. They estimate that if the distance between two 

countries doubles, the cross border equity holdings are reduced by 68%. Aviat and Coeurdacier 

(2007) state that distance affects bilateral asset holdings mainly through its impact on trade in 

goods. Once the impact of trade in goods on equity holdings is taken into consideration, 

distance loses its significance as an explaining factor for equity holdings. This variable is 

expected to have a negative impact on foreign equity holdings. The data on distance is from 

http://www.indo.com/distance/. 

 

(iv) Language  ( )LAN

Language is the common language dummy variable which is equal to one if source and host 

country share a common language; otherwise its value is zero. Investors prefer to invest in 

foreign countries that share a common language with their home country. Common language 

may better enable investors to read company financial reports and financial press analysis. This 

may enhance investors’ familiarity with destination countries financial system and thus reduce 

investors’ information costs. Data on language is from the World Factbook 20063 which 

reports the official, major and unofficial languages from all over the world. Countries such as 

Australia, New Zealand, UK and US share English as a common language; while Italy, Japan, 

Malaysia, South Korea and Indonesia have their own languages. This variable is expected to 

have a negative impact on the measure of home bias.  

 

(v) Legal Origin ( )  LO

Common origin to the legal system uses a dummy variable for similarity in institutions. This 

paper assigns a dummy value of 1 if the source and host country have the same legal origin, 

otherwise it is zero. Laws in different countries are typically not written from scratch, but 
                                                 
3 http://www.cia.gov/cia/publications/factbook/  
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rather transplanted from a few legal families or traditions. In general, commercial laws come 

from two broad traditions: common law, which is English in origin, and civil law, which 

derives from Roman law. The modern commercial laws originate from the three major families 

French, German and Scandinavian, in the civil law tradition. The three major law tradition 

families that have global impact are English common law and the French and German civil 

law. In case of individual countries, the resulting laws reflect both the influence of their 

families and country specific law characteristics. This variable is expected to have a negative 

impact on Australia’s equity home bias. The data on legal origin is from La Porta et al. (1998). 

 

(vi) Other familiarity control measures 

This paper also employs familiarity control measures of Rose (2005) and used by Fidora et al 

(2007): common border , landlocked (BOR) ( )LCK , islands ( )ISL and area ( ). ARE

 

BOR  is a dummy variable which is equal to 1 if host and source country share common 

border, otherwise it is zero.  is the number of landlocked countries in the source and host 

country pair (0,1, or 2).  is the number of island nations in the source and host country pair 

(0,1, or 2). The data on border, landlocked and island country is from the website: 

LCK

ISL

http://www.cia.gov/cia/publications/factbook/. ARE  is the natural logarithm of the product of 

area of source and host country. The data related to a country’s area is from United Nations 

Statistics Division: Common Database (2006). 

 

5.3 Tax  ( )TAX
The model takes the perspective of a source country’s investor, who can freely invest in host 

countries, both mature and emerging markets. There are no international barriers other than the 

domestic and foreign taxation of returns to international equity investments. The source 

country  investor’s foreign equity returns are first taxed abroad. Host country i j  taxes the 

source country investor’s dividends at a rate , while source country investor’s capital gains 

are taxed at a rate . The source country’s investor is also subjected to source country’s 

corporate income tax at a rate of 

d
jt

c
jt

it
4.  

 

The host country’s capital gains tax base represents real capital gains tax ( )jTAXR and purely 

inflationary gains tax ( )jTAXN .  

                                                 
4 Corporate tax data is from KPMG’s corporate tax survey. In 2006, KPMG has reported corporate tax 
rates for 86 countries. 
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where 

jTAXR =Real capital gains tax per unit of source country investor’s currency invested in 

equity market of host country j . 

c
jt =  Tax on source country investor’s foreign capital gains of host country j .  

tFE =Foreign currency equity market index. 

tFP =Foreign price index at the end of period t . 

tEx =Exchange rate expressed in source country’s currency per unit of foreign currency. 

 

jTAXN = c
jt ⎟⎟

⎠

⎞
⎜⎜
⎝
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⎝

⎛

−1t

t
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       (26) 

 

where 

jTAXN =Nominal capital gains tax per unit of source country investor’s currency invested in 

equity market of host country j . 

c
jt =  Tax on source country investor’s foreign capital gains of host country j .  

 

jTAXD =
11 −− tt

tj

ExFE
ExD

         (27) 

 

where 

jTAXD =Source country investor’s return that are subject to host country  dividend 

taxation. 

sj'

 

jD =Foreign currency dividend return. 

 

rλ  is the incidence of the foreign capital gains (real gains) tax applied for source country’s 

investor. 
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rλ =
i

r

t−1
λ

          (28) 

 

rλ = rω−1           (29) 

 

rω  is share of foreign capital gains (real gains) for source country’s investor. 

 

nλ  is the incidence of the foreign capital gains (inflationary gains) tax applied for source 

country’s investor. 

nλ =
i

n

t−1
λ

          (30) 

 

nλ = nω−1           (31) 

nω  is share of foreign capital gains (inflationary gains) for source country’s investor. 

 

dλ =
i

d

t−1
λ

          (32) 

 

Some source country investors can claim a tax credit for foreign taxes paid to avoid double 

taxation. Australia and New Zealand have dividend imputation system in place wherein some 

or all of the tax paid by a company may be attributed to the shareholders by way of a tax credit 

to reduce the shareholders income tax payable. Australian imputation tax system was 

introduced in 1987, which allows companies to distribute franking credits to dividends paid. 

Franking credits are the tax already paid by the companies and therefore the eligible 

shareholders are taxed only once at their individual tax rates.   

 

dλ = dω−1           (33) 

dω  is share of dividend taxes paid that are eligible for a source country credit. 

 

TAX = rλ jTAXR + nλ jTAXN + dλ jTAXD                  (34)  

 

5.4 Diversification - Correlation ( )  CORR

Correlation is the correlation between returns of source and host country. The correlation 

coefficient is a proxy for the diversification between two countries. The financial economics 
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literature suggests that the greater the co-movements between financial assets of two countries, 

the lower the benefit of diversification. There is no rationale for an investor to invest in foreign 

assets in countries when their returns are strongly positively correlated with domestic financial 

assets, as this does not allow the investor to diversify his risk. When the correlation between 

source country and host country is small, source country investors enjoy a larger diversification 

gain from investing in the host country; they have a greater desire to increase their equity 

holdings in the host country. Therefore, the degree of home bias of source country for host 

country will be smaller.  The correlation between source and host country is computed using 

return data from DataStream’s Morgan Stanley Capital International (MSCI). The return data 

is calculated from MSCI monthly stock market indices for months ranging from January 1995 

to December 2005.  

 

6. Empirical Results5 

The empirical results are based on pool panel regression using source and host country’s fixed 

effects, for the years 2001 to 2005.  

[TABLE 3] 

Table 3 presents the correlation matrix for the variables used in the paper. The measure of 

home bias is positively correlated to real exchange rate volatility, land landlocked dummy and 

distance; and negatively correlated to the share of host country’s stock market that is listed on 

source country’s exchanges, correlation of monthly returns between source country and host 

country, border dummy, island dummy, trade, language dummy and legal origin dummy. 

Overall, the correlation matrix does not indicate serious correlation among the variables. 

[TABLE 4] 

Table 4 indicates the pool panel data analysis using fixed effects regression results of global 

equity home bias by regressing float adjusted home bias variable against real exchange rate 

volatility and other independent gravity control variables, over the years 2001 to 2005. There 

are 46 source countries (including 24 mature and 22 emerging economies) and about 200 host 

countries (including 113 mature and 87 emerging economies).  

 

In column (1), real exchange rate volatility variable ( )VOL  enters significantly at the 1 percent 

level with a positive sign. 100 percent increase in the real exchange rate volatility causes an 

increase in equity home bias by about 5.2 percent. Column (1) also includes familiarity 

(foreign listing, border dummy, land locked dummy, island dummy, area) and diversification 

(correlation) control variables. Foreign Listing ( )FL  variable is negative and significant at 1 

percent. 100 percent increase in the share of a host country’s stock market that is listed on 

                                                 
5 Empirical result using ‘Tax’ as a control variable is available from author on request. 
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source country’s stock exchanges decreases global equity home bias by about 50 percent. The 

reduction in information costs associated with host country’s firms conforming to the source 

country’s regulatory environment is an important determinant of the source country’s equity 

bias towards host country. Source country’s investors underweight the host country’s firms 

which do not alleviate information asymmetries by publicly listing in the source country’s 

stock exchanges. The result is in accordance with Ahearne et al. (2004). Correlation  

variable is negative and significant at 1 percent. This is contrary to theory which suggests that 

the greater the correlation between source and host country’s returns, the greater the equity 

home bias. Area (  variable is statistically significant at 1 percent; however, it is 

economically insignificant. The border dummy 

( )CORR

)ARE

( )BOR  and island dummy ( )ISL  variables are 

both negative and significant at 1 percent. The landlocked dummy ( )LCK  is positive and 

insignificant.  

 

Column (2) includes trade variable ( )TRAD

( )VOL

)FL

)
)ARE

 in addition to the column (1) variables. Real 

exchange rate volatility variable  enters significantly at the 1 percent level with a 

positive sign. There is hardly any change in the magnitude of the real exchange rate volatility 

 variable. Foreign Listing  variable is negative and significant at 1 percent. The 

magnitude of  decreases from -0.497 to -0.408, which suggests that some of the 

contribution from foreign listing may reflect lower information costs which are also captured 

through trade. Correlation (  variable is, again, negative and significant at 1 percent 

which is contrary to theory. Area (  is statistically significant at 1 percent; however, it is 

economically insignificant.  The border dummy 

(VOL) (
FL

CORR

( )BOR  and island dummy  variables 

are both negative and significant at 1 percent. The landlocked dummy 

(ISL)
( )LCK  is negative and 

insignificant. Trade ( )TRAD  is negative and statistically significant at 1 percent. However, it 

appears to be economically insignificant. Source country investors prefer investing in their 

trading partners. Countries that trade with each other tend to learn more about each other’s 

culture, legal and financial environment including current accounting practices, etc.   

 

Column (3) includes distance variable ( )DIS

)
 in addition to the column (1) variables. Real 

exchange rate volatility variable  enters significantly at the 1 percent level with a 

positive sign. There is a slight increase in the magnitude of the real exchange rate volatility 

variable  from 0.052 (column 1) to 0.055 (column 3). 100 percent increase in the real 

exchange rate volatility causes an increase in equity home bias by about 5.5 percent. Foreign 

(VOL

(VOL)
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Listing (  variable is negative and significant at 1 percent. The magnitude of  decreases 

from -0.497 (column 1) to -0.472 (column 3), which suggests that some of the contribution 

from foreign listing may reflect lower information costs which are also captured through 

distance. Correlation (  variable is negative and significant at 1 percent which is 

contrary to theory. Area (  variable is both statistically and economically insignificant. 

The border dummy  and island dummy 

)

)
)

FL FL

CORR

ARE

( )BOR ( )ISL  variables are both negative and 

significant at 1 percent. The landlocked dummy ( )LCK  is positive and significant. Distance 

 is positive and significant at 1 percent. Countries which are relatively close 

geographically can also be expected to share cultural similarities, which tend to lower 

information costs. Source country investors prefer investing in their nearby countries. 

(DIS )

 

Column (4) includes language dummy ( )LAN

)
 in addition to the column (1) variables. Real 

exchange rate volatility variable  enters significantly at the 1 percent level with a 

positive sign. Foreign Listing  variable is negative and significant at 1 percent. The 

magnitude of  decreases from -0.497 (column 1) to -0.480 (column 4), which suggests that 

some of the contribution from foreign listing may reflect lower information costs which are 

also captured through common language. Correlation 

(VOL

( )FL

FL

( )CORR  variable is again, negative and 

significant at 1 percent which is contrary to theory. Area ( )ARE  variable is statistically 

significant at 1 percent; however, it is economically insignificant. The border dummy  

and island dummy 

( )BOR

( )ISL

( )LCK

 variables are both negative and significant at 1 percent. The 

landlocked dummy  is positive and insignificant. Language dummy  is negative 

and significant at 1 percent, which implies that investors prefer investing in common language 

countries. Common language may reduce information costs of source country’s investors 

because they are better able to read company financial reports and financial press analyses if 

they are written in a shared language. Common language enables source country investors to 

better understand the cultural, financial and regulatory environment of the host country, thus 

influencing source country’s investors’ equity investment decisions.  

(LAN )

 

Column (5) includes legal origin dummy ( )LO

)
 in addition to the column (1) variables. Real 

exchange rate volatility variable  enters significantly at the 1 percent level with a 

positive sign. Foreign Listing (  variable is negative and significant at 1 percent. This 

reinforces the view that listed firms are able to produce higher quality financial information, 

(VOL

)FL

which reduces information costs and this makes the firms more attractive to source country’s 
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investors. Correlation ( )CORR  variable is again, negative and significant at 1 percent which is 

contrary to theory. Are ) variable is statistically significant at 1 percent; however, it is 

economically insignifican border dummy 

a (ARE

t. The ( )BOR  and island dummy ( )ISL  variables are 

both negative and significant at 1 percent. The landlocked dummy ( ) is

ion r

LCK  positive and 

insignificant. Legal origin dummy ( )LO  is negative and significant at 1 percent, which implies 

that source country’s investors weight countries having similar culture and origin in their 

portfolios. Source country’s investors are better able to understand the legal and regulatory 

environment of the host countries which have the same legal origin as their own and 

accordingly prefer to invest in those countries.   

[TABLE 5] 

ix

 variable 

Table 5 indicates the  ed effects reg esults of global 

 column (1), real ity

 pool pane

exchange rate volatil

l data analysis using f ress

equity home bias, over the years 2001 to 2005. There are 24 mature source countries and about 

200 host countries (including 113 mature and 87 emerging economies). This is to check 

whether the finding that real exchange rate volatility has significant impact on global equity 

home bias, is robust to using alternative country sample.   

 

( )
rea

VOL

he 

 enters signific  at the 1 percent antlyIn

level with a positive sign. 100 percent increase in t l exchange rate volatility causes an 

increase in equity home bias by about 7.4 percent. Foreign Listing ( )FL  variable is negative 

and significant at 1 percent. 100 percent increase in the share of a host country’s stock market 

that is listed on source country’s stock exchanges decreases global equity home bias by about 

42 percent. Source country’s investors prefer the host country’s firms which alleviate 

information asymmetries by publicly listing in the source country’s stock exchanges. 

Correlation ( )CORR  variable is negative and significant at 1 percent, which is contrary to 

theory. Area  variable is both statistically and economically insignificant. The border 

dummy ( )BOR  island dummy 

 (ARE

 and

)
( )ISL  variables are both negative and significant at 1 

percent. The landlocked dummy ( )LCK ositive and insignificant.  

 

 is p

 (2) includes trade variable ( )TRAD

) ent

 -0

Column  in addition to the colum  (1) variables. Real n

exchange rate volatility variable (VO ers significantly at the 1 percent level with a 

positive sign. There is hardly any change in the magnitude of the real exchange rate volatility 

variable ( )VOL . Foreign Listing ( )FL  variable is negative and significant at 5 percent. The 

magnitud FL  decreases fro .422 to -0.348, which suggests that some of the 

L

e of m
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contribution from foreign listing may reflect lower information costs which are also captured 

through trade. Correlation ( )CORR  variable is negative and significant at 1 percent, which is 

contrary to theory. Area ( )ARE riable is both statistically and economically insignificant.  

The border dummy ( )BO d island dummy 

 va

R  an ( )ISL  variables are both negative and 

significant at 1 percent. The landlocked dummy ( )K  

at 1 p

LC is positive and insignificant. Trade 

( )TRAD  is negative and statistically significant ercent. However, it appears to be 

ally insignificant. Source country investors prefer investing in their trading partners 

because of their familiarity with host countries culture, legal and financial environment.   

 

 

economic

olumn ( )DIS

) ente

 in addition to the column (1) variables. Real C  (3) includes distance variable 

exchange rate volatility variable (VOL rs significantly at the 1 percent level with a 

positive sign. 100 percent increase in the real exchange rate volatility causes an increase in 

equity home bias by about 7.1 percent. Foreign Listing ( )FL  variable is negative and 

significant at 1 percent. The magnitude of FL  decreases fro .422 (column 1) to -0.387 

(column 3), which suggests that some of the c tribution from foreign listing may reflect lower 

information costs which are also captured through distance. Correlation 

m -0

on

( )CORR  variable is 

again, negative and significant at 1 percent, which is contrary to theory. A )E  variable 

is statistically significant at 5 percent; however, it is economically insignificant. The border 

dummy ( )BOR  is negative and insignificant. The island dummy 

rea (AR

( )ISL  variable is negative 

and significant at 1 percent. The landlocked dummy ( )LCK  is po  and significant at 1 

percent. Distance ( )DIS  is positive and significant at 1 percent. This reinforces the view that 

source country in s prefer investing in geographically close countries because of 

familiarity due to cultural similarities and lower information costs.  

 

sitive

ve

 (4) includes lang y

stor

 ( )LAN

) enter

ar

 in addition to the column (1) variables. Real Column uage dumm

exchange rate volatility variable (VOL s significantly at the 1 percent level with a 

positive sign. Foreign Listing (FL iable is negative and significant at 1 percent. The 

magnitude of FL  decreases from 422 (column 1) to -0.415 (column 4), which suggests that 

some of the contribution from foreign listing may reflect lower information costs which are 

also captured through language. Correlation 

) v

 -0.

( )CORR  variable is negative and significant at 1 

percent, which is contrary to theory. Area ( ) variable is both, statistically and 

economically insignificant. The border dummy 

ARE

( )R  a ( )ISL  variables are B nd island dummy O
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both negative and significant at 1 percent. The landlocked dummy ( ) LCK  positive and 

insignificant. Language dummy ( )LAN  is negative and significant at 1 percent, which implies 

that investors prefer investing in common language countries because source country investors 

are better able to understand the cultural, financial and regulatory environment of a host 

country which has a shared language. 

 

is

olumn (5) includes legal origin dummy ( )LO

enters

 in addition to the colum  (1) variables. Real 

)

nC

exchange rate volatility variable ( )VOL   significantly at the 1 percent level with a 

positive sign. Foreign Listing ( )FL ariable is negative and significant at 1 percent. 

Correlation ( )CORR  variable is negative and significant at 1 percent which is contrary to 

theory. Area variable is both, statistically and economically insignificant. The border 

dummy ( )BOR  island dummy 

 v

 (ARE  

 and ( )ISL  variables are both negative and significant at 1 

percent. The landlocked dummy ( )LC s positive and insignificant. Legal origin dummy 

( )LO  is negative and significant at 1 percent, which implies that source country’s investors 

t countries having similar culture and origin in their portfolios.  

 

K

 Table 5 is that real exchange rate volatilit

e bias assu

 i

weigh

he key finding in y inant of 

. Conclusion 

loys IMF’s high quality CPIS dataset on cross bo  investment cross 

me that investors can hold world market portfolios. 

T is a significant determ

rder equity

equity home bias for all country groupings, including only mature source countries, and both 

mature and emerging host countries. In Table 5, the coefficient for real exchange rate volatility 

is somewhat higher when estimating a sample with only mature source countries, and both 

mature and emerging host countries as compared to the coefficient of real exchange rate 

volatility in Table 4 for a sample of both mature and emerging source and host countries.  

 

7

This paper emp

border equity investment for 46 source countries (including 24 mature and 22 emerging 

economies) and 200 host countries (including 113 mature and 87 emerging economies) to 

investigate the role of exchange rate volatility as a potential driver of global equity home bias, 

over the years 2001 to 2005.  

The traditional studies on hom

However, in a world with controlling shareholders, portfolio investors can only hold the world 

portfolio of shares that are not available to controlling shareholders (world float portfolio). The 

paper constructs a float measure of home bias for the years 2001 to 2005 and explores the role 

 29

811



of exchange rate volatility as a driver of global equity home bias in the presence of gravity type 

control variables related to familiarity and diversification. 

 

The existing literature on home bias mainly focuses on different motives of investors, 

including explicit barriers to international investment, hedging motives, information 

asymmetries, behavioural biases and corporate governance. The literature related to the role of 

exchange rate volatility as a potential source of equity home bias is sparse. There is only one 

systematic study by Fidora et al. (2007) that focuses on the role of real exchange rate volatility 

as a driver of portfolio home bias and explains the differences in home bias across equity and 

bond. 

 

This paper employs a Markowitz type mean variance portfolio model and empirically tests the 

hypothesis that home bias increases in real exchange rate volatility, which measures the degree 

to which relative purchasing power parity is violated. If the change in the real exchange rate 

volatility equals the inflation differential, i.e. relative purchasing power parity holds, home bias 

is zero. Conversely, as real exchange rate volatility increases to infinity, home bias converges 

to unity, which implies an absence of foreign investment. 

 

Results indicate that real exchange rate volatility is a key determinant of equity home bias. 

Real exchange rate volatility remains a significant driver of equity home bias, in the presence 

of various control measures including distance, trade, language legal origin, tax, correlation 

and also in the presence of various source country groups (including both mature and emerging 

economies, and only mature economies).     

 

The results have implications for economic policy. Exchange rate volatility introduces a 

macroeconomic policy dimension into international financial integration and plays an 

important role along with information costs, transaction costs and governance. Real exchange 

rate volatility is an important factor that should be included in home bias and international 

financial integration models. Real exchange rate volatility should be taken into account in 

formulating overall macroeconomic and monetary stability policy models.  
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Appendix A: Number of Firms in respective countries for calculation of free float market 
capitalisation  
 

Countries Number of firms Countries Number of firms 
Australia 
Austria 
Brazil 
France  
Canada 
Czech Republic 
Denmark 
Finland 
Chile  
Israel 
Thailand 
Singapore 
Philippines 
Malaysia 
South Korea 
Japan 
Indonesia 
India 
Hong Kong 
China 
Bangladesh 
Turkey  
Switzerland 
Sweden 
Spain 
Russia 
Romania 
Portugal 
Poland 
Norway 
Netherlands 
Luxembourg 
Lithuania 
Italy 
Ireland 

1491 
126 
533 
868 
1355 
27 
172 
146 
193 
551 
353 
668 
198 
596 
1001 
3830 
228 
706 
1057 
1152 
5  
162 
378 
330 
158 
148 
51 
72 
189 
177 
146 
36 
41 
289 
56 

Hungary 
Greece 
Zimbabwe 
South Africa 
Morocco 
Mauritius 
Kenya 
UK 
US 
New Zealand 
Belgium 
Bulgaria 
Croatia 
Cyprus 
Germany 
Pakistan 
Sri Lanka 
Taiwan 
Egypt 
Argentina 
Colombia 
Ecuador 
Mexico 
Venezuela 
Peru 
Estonia 
Slovak Republic 
Malta 
Slovenia 
Iceland 

33 
303 
21 
363 
31 
7 
11 
1840 
1130 
132 
208 
4 
4 
25 
451 
32 
50 
1175 
46 
49 
14 
2 
122 
10 
82 
15 
5 
14 
7 
7 

 
Note: Data on the number of firms is per year. Source: Data on firms is from DataStream. 
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Table 1: Global portfolio equity investment (2005) 
 

 
Country 

(1) 
Foreign equity in 

portfolio (%) 

(2) 
Domestic market 

share of world (%) 

(3) 
Home 
Bias 

Argentina 13.86 0.14 0.86 
Australia 16.74 1.84 0.83 
Austria 42.25 0.28 0.58 
Belgium 50.11 0.66 0.50 
Brazil 0.75 1.09 0.99 
Canada 24.43 3.39 0.75 
Chile 15.02 0.31 0.85 
Cyprus 29.81 0.02 0.70 
Czech Republic 12.99 0.09 0.87 
Denmark 38.74 0.41 0.61 
Egypt 1.19 0.18 0.99 
Estonia 28.95 0.01 0.71 
Finland 39.91 0.48 0.60 
France 31.46 4.03 0.67 
Germany 42.68 2.80 0.56 
Greece 6.66 0.33 0.93 
Hong Kong 19.63 2.42 0.80 
Hungary 9.02 0.07 0.91 
India 0.01 1.27 0.99 
Indonesia 0.13 0.19 0.99 
Israel 8.87 0.27 0.91 
Italy 42.94 1.83 0.56 
Japan 10.17 10.84 0.89 
Korea 2.58 1.64 0.97 
Lebanon 17.54 0.01 0.82 
Malaysia 0.98 0.41 0.99 
Mauritius 97.82 0.01 0.02 
Mexico 1.85 0.55 0.98 
Netherlands 85.29 1.36 0.14 
Norway 47.73 0.44 0.52 
New Zealand 38.65 0.10 0.61 
Philippines 0.53 0.09 0.99 
Poland 2.07 0.21 0.98 
Portugal 21.26 0.15 0.79 
Romania 0.88 0.05 0.99 
Russia 0.07 1.26 0.99 
South Africa 10.75 1.29 0.89 
Singapore 20.65 0.72 0.79 
Slovak Republic 21.76 0.01 0.78 
Spain 14.45 2.20 0.85 
Sweden 42.02 0.92 0.58 
Switzerland 40.21 2.15 0.59 
Thailand 1.31 0.29 0.99 
UK 36.89 7.00 0.60 
US 17.85 38.85 0.71 

Source: Foreign equity investments from the IMF’s CPIS, market capitalisations from 
Standard and Poors (2006). (Author’s own calculation).  
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Table 2: Global portfolio equity investment (2005) 
 

 
Country 

(1) 
Foreign equity in 

portfolio (%) 

(2) 
Domestic market 

share of world (%) 

(3) 
Float 
Home 
Bias 

Argentina 4.04 0.57 0.96 
Australia 18.34 1.85 0.81 
Austria 24.69 0.58 0.75 
Belgium 33.21 1.24 0.66 
Brazil 1.34 0.78 0.99 
Canada 36.11 2.45 0.63 
Chile 31.22 0.14 0.69 
Cyprus 34.04 0.01 0.66 
Czech Republic 28.24 0.05 0.72 
Denmark 45.48 0.36 0.54 
Egypt 2.09 0.12 0.98 
Estonia 50.31 0.01 0.50 
Finland 41.44 0.51 0.58 
France 21.31 6.43 0.77 
Germany 63.11 2.06 0.36 
Greece 9.61 0.27 0.90 
Hong Kong 23.42 2.18 0.76 
Hungary 11.51 0.07 0.88 
India 0.01 1.99 0.99 
Indonesia 0.19 0.15 0.99 
Israel 22.47 0.16 0.77 
Italy 55.37 1.46 0.44 
Japan 9.63 12.45 0.89 
Korea 4.82 1.18 0.95 
Lebanon 17.54 0.01 0.82 
Malaysia 2.24 0.23 0.98 
Mauritius 99.51 0.004 0.005 
Mexico 0.73 1.23 0.99 
Netherlands 86.64 1.47 0.12 
Norway 75.42 0.23 0.24 
New Zealand 14.47 0.35 0.85 
Philippines 0.93 0.06 0.99 
Poland 2.79 0.18 0.97 
Portugal 32.32 0.10 0.68 
Romania 1.23 0.04 0.99 
Russia 0.08 1.13 0.99 
South Africa 26.59 0.57 0.73 
Singapore 25.41 0.64 0.74 
Spain 6.04 5.38 0.94 
Sweden 40.43 1.06 0.59 
Switzerland 7.46 12.14 0.92 
Thailand 1.98 0.23 0.98 
UK 72.72 4.07 0.24 
US 27.15 26.61 0.63 

Source: Foreign equity investments from the IMF’s CPIS, free float market capitalisations 
(Author’s own calculation).  
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Table 3: Correlation Matrix (2001 to 2005) 
 
 

 

 
VOL
 

 
FL  

 
CORR
 

 
BOR
 

 
LCK
 

 
ISL  

 
ARE  TRAD

 

 
DIS  
 

 
LAN
 

 
LO  

ijFFHB ,  0.14 -0.27 -0.21 -0.17 0.01 -0.15 0.02 -0.25 0.25 -0.16 -0.09 

VOL   -0.03 -0.10 -0.03 0.14 -0.06 0.03 -0.05 0.04 -0.04 0.11 

FL    0.03 0.12 0.07 0.05 0.07 0.36 -0.10 0.10 0.08 
CORR     0.10 -0.17 0.37 0.19 0.05 -0.14 0.18 0.04 
BOR      0.14 -0.06 0.03 0.33 -0.42 0.07 0.21 
LCK       -0.20 -0.20 0.00 -0.31 -0.05 -0.04 
ISL        0.01 0.06 0.05 0.12 -0.04 
ARE         -0.05 0.23 0.09 0.04 
TRAD          -0.25 0.11 0.20 
DIS           0.13 -0.04 
LAN            0.25 

 
Note: : Float adjusted home bias measure, VOL : standard deviation of monthly 
change of the difference of bilateral nominal exchange rate and bilateral inflation differential, 
1995 to 2005, : share of host country’s stock market that is listed on source country’s 
exchanges, : correlation of monthly returns between source country and host country, 
1995 to 2005, : dummy which is equal to 1 if host and source country share common 
border, otherwise it is zero,  dummy which is equal to the number of landlocked 
countries, dummy which is equal to the number of island countries, natural 
logarithm of mathematical product of the countries land area in square kilometres, 

average of imports and exports normalised by the destination country’s GDP, 
:logarithm of the distance between countries,  dummy which is equal to 1 if host 

and source country share common language, otherwise it is zero,  dummy which is equal 
to 1 if host and source country share common legal origin, otherwise it is zero. 

ijFFHB ,

CORR

ISL

:

FL

BOR

:
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TRAD
DIS :LAN
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Table 4: Home Bias (Source and Host countries: Mature and Emerging economies)  
(2001 to 2005) 
 
 

 (1) (2) (3) (4) (5) 

VOL  
0.052* 
(6.528) 

0.052* 
(6.451) 

0.055* 
(7.106) 

0.050* 
(6.303) 

0.055* 
(6.520) 

FL  
-0.497* 
(-3.034) 

-0.408* 
(-2.612) 

-0.472* 
(-2.995) 

-0.480* 
(-3.012) 

-0.490* 
(-3.017) 

CORR  
-0.230* 
(-8.512) 

-0.229* 
(-8.476) 

-0.171* 
(-6.621) 

-0.211* 
(-7.838) 

-0.227* 
(-8.412) 

BOR  
-0.148* 
(-5.784) 

-0.112* 
(-4.294) 

-0.067* 
(-2.675) 

-0.143* 
(-5.596) 

-0.137* 
(-5.386) 

LCK  
0.006 
(0.619) 

-0.000 
(-0.012) 

0.031* 
(3.182) 

0.005 
(0.515) 

0.003 
(0.363) 

ISL  
-0.039* 
(-5.737) 

-0.037* 
(-5.453) 

-0.045* 
(-6.538) 

-0.035* 
(-5.266) 

-0.041* 
(-5.960) 

ARE  
0.004* 
(3.585) 

0.003* 
(2.708) 

0.000 
(0.610) 

0.004* 
(4.025) 

0.004* 
(3.544) 

TRAD  
 -0.006* 

(-3.957) 
   

DIS  
  0.105* 

(9.705) 
  

LAN  
   -0.082* 

(-5.423) 
 

LO  
    -0.027* 

(-2.798) 
Constant 0.835* 

(25.838) 
0.864* 
(25.694) 

0.514* 
(11.482) 

0.819* 
(25.495) 

0.843* 
(26.153) 

Adjusted R2 0.153 0.168 0.180 0.163 0.155 
Observation 3551 3478 3547 3547 3551 
 

Note: *,** and *** indicate significance at the 1%, 5% and 10% levels, respectively. White 
corrected t-statistics in parenthesis. VOL : standard deviation of monthly change of the 
difference of bilateral nominal exchange rate and bilateral inflation differential, 1995 to 2005, 

: share of host country’s stock market that is listed on source country’s exchanges, 
: correlation of monthly returns between source country and host country, 1995 to 

2005, : dummy which is equal to 1 if host and source country share common border, 
otherwise it is zero,  dummy which is equal to the number of landlocked countries, 

dummy which is equal to the number of island countries, natural logarithm of 
mathematical product of the countries land area in square kilometres, average of 
imports and exports normalised by the destination country’s GDP, logarithm of the 
distance between countries,  dummy which is equal to 1 if host and source country 
share common language, otherwise it is zero,  dummy which is equal to 1 if host and 
source country share common legal origin, otherwise it is zero. 

FL
CORR

ISL

BOR
:LCK

: :ARE

DIS
:TRAD

:
:LAN

:LO
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Table 5: Home Bias (Source countries: Mature economies and Host countries: Mature 
and Emerging economies) (2001 to 2005) 
 
 

 (1) (2) (3) (4) (5) 

VOL  
0.074* 
(5.652) 

0.075* 
(5.430) 

0.071* 
(6.014) 

0.074* 
(5.579) 

0.082* 
(5.865) 

FL  
-0.422* 
(-2.850) 

-0.348** 
(-2.447) 

-0.387* 
(-2.748) 

-0.415* 
(-2.842) 

-0.408* 
(-2.810) 

CORR  
-0.218* 
(-6.900) 

-0.227* 
(-6.985) 

-0.120* 
(-3.851) 

-0.206* 
(-6.489) 

-0.209* 
(-6.622) 

BOR  
-0.132* 
(-4.969) 

-0.088* 
(-3.250) 

-0.035 
(-1.345) 

-0.127* 
(-4.796) 

-0.111* 
(-4.248) 

LCK  
0.010 
(0.823) 

0.004 
(0.324) 

0.037* 
(3.096) 

0.010 
(0.800) 

0.005 
(0.466) 

ISL  
-0.056* 
(-6.033) 

-0.054* 
(-5.693) 

-0.079* 
(-8.255) 

-0.054* 
(-5.790) 

-0.060* 
(-6.415) 

ARE  
0.000 
(0.308) 

0.000 
(0.043) 

-0.000** 
(-2.427) 

0.000 
(0.683) 

0.000 
(0.110) 

TRAD  
 -0.006* 

(-3.541) 
   

DIS  
  0.131* 

(10.331) 
  

LAN  
   -0.056* 

(-3.710) 
 

LO  
    -0.048* 

(-3.901) 
Constant 0.910* 

(23.950) 
0.928* 
(23.769) 

0.521* 
(10.125) 

0.895* 
(23.464) 

0.925* 
(24.470) 

Adjusted R2 0.143 0.155 0.183 0.149 0.149 
Observation 2631 2569 2631 2631 2631 

 
Note: *, ** and *** indicate significance at the 1%, 5% and 10% levels, respectively. White 
corrected t-statistics in parenthesis. VOL : standard deviation of monthly change of the 
difference of bilateral nominal exchange rate and bilateral inflation differential, 1995 to 2005, 

: share of host country’s stock market that is listed on source country’s exchanges, 
: correlation of monthly returns between source country and host country, 1995 to 

2005, : dummy which is equal to 1 if host and source country share common border, 
otherwise it is zero,  dummy which is equal to the number of landlocked countries, 

dummy which is equal to the number of island countries, natural logarithm of 
mathematical product of the countries land area in square kilometres, average of 
imports and exports normalised by the destination country’s GDP, logarithm of the 
distance between countries,  dummy which is equal to 1 if host and source country 
share common language, otherwise it is zero,  dummy which is equal to 1 if host and 
source country share common legal origin, otherwise it is zero. 
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Abstract 

 We employ a credit risk innovation proxy to revisit the signaling and wealth transfer 

effects around stock repurchase announcements that were documented in the literature.  

Using U.S. data from 1991 to 2006, we find evidence that positive signaling effects dominate 

wealth transferring effect; that is, overall, stock repurchases do not expropriate bondholders’ 

wealth.  The total benefits from stock repurchases are positively related to the size of  the 

repurchase.  In addition, firms that finance the repurchases with debt, compared to those who 

do not, exhibit greater positive signals, while the effects are abated by higher default 

probabilities due to a rise in debt level. 
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 I. Introduction 

 In the literature, the motivation of  share repurchases and the effects on both security 

prices and firm performance are discussed extensively.  Among those empirical findings, only 

signaling and wealth transfer hypotheses elucidate how share buybacks influence bondholders’ 

claims.  The signaling hypothesis contends that stock repurchases convey information of  

undervaluation by the public, foresight of  better future performance, or upward revisions of  

market expectations.  Both shareholders and bondholders benefit from this positive signaling.  

Alternatively, the wealth transfer hypothesis asserts that companies repurchase stock to 

enhance shareholders’ wealth by expropriating that of  bondholders.  Dann (1981) and 

Vermaelen (1981) support the positive signaling effect and find no significant effect of  wealth 

transfer.  Maxwell and Stephens (2003) confirms the positive signaling effect on firm value 

and show significant wealth redistribution from bondholders to shareholders.  Jun, Jung and 

Walkling (2006) supplies evidence for the positive signal effect and also some support for 

wealth transfer effects.  

 Although previous studies have examined the signaling and wealth transfer effects, the 

results are mixed and the proxies used in measuring changes in wealth are not plausible.  To 

investigate the wealth transfer hypothesis, the commonly used proxy for bond performance is 

abnormal bond return.  The probability of  credit rating upgrades or downgrades is another 

indicator for verification.  However, abnormal bond return reflects the aggregate effects on 
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corporate bond price variations, including market risk, liquidity risk, credit risk, and other 

idiosyncratic risks.  Regarding a significant negative abnormal bond return as an indicator of  

wealth expropriation of  bond holders is problematic.  In addition, credit rating is limited in 

providing timely and penetrative credit information around corporate event announcements.  

This study, therefore, proposes a proxy for credit risk innovations and employs it to reexamine 

the effects of  stock repurchases on bondholders from a credit risk perspective.  

 We employ a credit innovation proxy based on bond yield spreads.  Prior studies have 

tried to figure out the determinants of  bond yield spreads.  Collin-Dufresne, Goldstein, and 

Martin (2001) reports that factors in traditional credit models explain about 25% of  the 

variation in yield spreads.  Campbell and Taksler (2003) observes the significant effect of  

equity volatility on yield spread.  Longstaff, Mithal, and Neis (2005) demonstrates that the 

default component consists of  a majority of  yield spreads and that non-default components 

still have some degree of  explanatory power.  Liao and Tsai (2007) finds that a systematic 

internal liquidity risk factor can, to a large extent, capture market-wide bond spread changes.  

Even though the constituents of  bond yield spreads remain a puzzle, it is acknowledged that 

market risk, liquidity risk, and credit risk are the key portions of  bond yield spreads.1  After 

screening the non-default components of  bond yield spreads, we obtain a proxy which can 

better reflect the underlying credit risk shocks that accompany stock repurchases.  A positive 

                                                 
1 Elton et al. (2001) reports that bond spreads reflect three factors: expected losses, risk premiums and taxes. 
Perraudin and Taylor (2003) shows that an important additional component of  spreads is a liquidity premium. 
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shock denotes an increase bond credit premium and therefore indicates an increase in credit 

risk, and vice versa. 

 With the new proxy, we investigate how stock repurchases influence debtholders’ claims.  

If  the positive signaling hypothesis holds, the credit risk innovations accompanying share 

repurchases should be negative, which implies more optimistic market expectations or an 

improvement in companies’ credit conditions.  On the other hand, if  wealth transfers from 

shareholders to bondholders occurs, the default premium should increase and lead to positive 

credit risk innovations.  The two hypotheses are not mutually exclusive.  A positive total 

credit risk premium change generally indicates that wealth expropriation dominates positive 

signaling, while a negative one may reveal the opposite.  

Firm- or event-specific characteristics may affect the extent of  signaling and wealth 

transfer effects.  Maxwell and Stephens (2003) reports that large repurchases exhibit stronger 

positive signaling and wealth transfer effects.  Jagannathan and Stephens (2003) explains the 

relationship between the size of  a firm and signaling effects.  They find that infrequent 

repurchases are made by smaller firms with potential high degrees of  asymmetric information 

are greeted with a much stronger positive stock market reaction.2  We wondered whether this 

phenomenon exists from the perspective of  bondholders.  Besides, in the literature, the effect 

of  leverage ratio and profitability are typically considered to be related to capital structure.  

                                                 
2 Easley et al.(1996), Easley et al.(2002), and Khang and King (2006) employ the firm scale, natural logarithm of  
asset size, as one proxy for the information asymmetry level. 
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Therefore, we further control the size of  the repurchase, firm scale, leverage, and profitability 

to examine whether they attribute to credit risk innovations. 

Moreover, to understand whether the source of  capital affects the consequences of  stock 

repurchases, we categorized all the repurchase announcements in our sample by their funding 

source.  From the viewpoint of  the structural credit model, repurchasing shares with cash or 

other internal funds causes a left shift of  asset distribution while the default threshold (debt 

level) remains the same.  If  the costs of  stock repurchases (the funds distributed to 

shareholders) could be covered by an increase in expected future performance, default 

probability would not increase.  For firms who revolve credit or raise new debt to fund 

repurchases, the default threshold shifts rightward with their asset distributions remaining 

unmoved.  This deteriorates their credit quality if  other things being equal.  However,  

companies borrowing additional funds for share repurchasing normally release stronger 

positive signals of  future performance because they win additional support from existing or 

new lenders.  In addition, they can benefit from rising debt due to effects such as tax shields, 

especially when their leverage ratio is beneath the optimal.3  Our results show that stock 

repurchases, either funded with debt or not, do not significantly enlarge default risk.  That is, 

the positive signaling effect dominates wealth transfer effect.  

However, endogeneity problem exists when we study how a choice of  capital makes a 

                                                 
3 Bagwell and Shoven (1988) and Opler and Titman (1996) support that firms might use stock repurchases to 
achieve their optimal leverage ratio. 
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difference.  A firm’s intrinsic risk jointly affects the choice of  fund and credit risk innovations 

accompanying stock repurchases.  These relationships would intertwine with the effects of  the 

choice of  capital on the credit risk changes and make it vague.  Following Molina (2005),4 we 

use the instrument variable approach to tackle the endogeneity problem.  The instrument 

variables for funding choice are marginal tax rate (Graham (1996a; 1996b)) and bond market 

liquidity.  We confirm that without controlling for firm characteristics, firms raising debt to 

repurchase shares release much stronger positive signaling effects than wealth transfer effects 

compared to those firms funding share repurchases with internal funds.  However, after 

controlling for firm characteristics, the wealth transfer effect becomes more significant.  

Reburn and Jackson (2000) gives evidence that firms’ operating performances improve 

after repurchases, but Jagannathan and Stephens (2003) does not support this argument.  To 

see whether the credit enhancement is a temporary phenomenon, we calculate the cumulative 

average of  our credit risk innovations over a long-run horizon.  The results show that there is 

no reversal in credit risk innovations.  

 The remainder of  this paper is organized as follows.  Section II describes data sources 

and sample selection criteria.  Section III details the methodology utilized.  Section IV 

reports the empirical results, and Section V concludes this study. 

 

                                                 
4 Molina (2005) deals with the endogeneity of  leverage on default probability by adopting the instrument variable 
method. He chooses historical market-to-book ratios and marginal tax rates as two instrument variables for the  
leverage ratio. 
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II. Data and Summary Statistics 

A. Sample Selection 

We collected data about share repurchases from the Securities Data Company (SDC) 

mergers and acquisitions database for the period 1991-2006.  We ruled out companies in 

regulated utilities (SIC codes of  4000-4999) and financial industries (SIC codes of  6000-6999).  

The initial sample contains 7,085 announcements.  As one of  our major focuses is the effects 

of  capital sources used in stock repurchases, only 2,301 announcements with reported “source 

of  funds” in the SDC were retained.  Of  these, stock repurchases funded by issuing equity 

accounted for less than 1% and accordingly were removed from the sample.  In addition, we 

gathered information on the percentage of  shares announced to repurchase at the initial date.  

If  only the number of  shares is available, we divide the announced shares by the outstanding 

shares to obtain a percentage.  The event date is defined as the date that a stock repurchase is 

first announced to the public.  

 All the financial statement data were obtained from the Standard and Poor’s 

COMPUSTAT industrial quarterly database.  Equity market and return data were extracted 

from the Center for Research in Securities Prices (CRSP) database.  Daily information on 

treasuries and corporate bonds were collected from the Datastream database.  

Announcements of  firms that are not listed on COMPUSTAT and CRSP were deleted.  In 

order to focus on the changes in wealth of  bondholders due to stock repurchases, we consider 
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only corporate bonds that are unsecured, non-subordinate, and without special provisions.  

Firms that did not have the required corporate bond data in Datastream were removed from 

our sample.  Many announcements were deleted because of  the bond restriction, leaving only 

368 announcements.  Finally, we screened out announcements that did not have 

corresponding bond yield data around the first announcement date.  The final sample 

contains 154 announcements.  

B. Summary Statistics 

The sample period is from 2 January 1991 to 29 december 2006.  Table 1 provides 

descriptive statistics of stock repurchase announcements by year.  The full sample contains 28 

debt-funded and 126 non-debt-funded announcements.  All events, either funded with debt 

facilities or not, are scattered in all sample years (except for year 1991).  There is no obvious 

trend in the number of  announcements and size of  repurchases.  

[Insert Table 1 here] 

Table 2 presents the descriptive statistics for sample companies.  The average size of  all 

announced repurchases is 7.84%, and the median is 6.45%.  Comparing the sub-sample of  

debt-funded (Column2) with the sub-sample of  non-debt-funded (Column3), we observe that 

firms who announced debt-funded repurchases had slightly greater assets than the others.  

There are no significant differences between their repurchase sizes, leverage ratios, and 

profitability (ROA).  Columns 4 and 5 reveal that companies segmented by repurchase size are 
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similar in their asset scale, leverage, and profitability.  The last two columns report that large 

firms are more highly leveraged than small firms but there is no significant deviation in their 

repurchase size and profitability.  Moreover, both of  the debt-funded and non-debt-funded 

repurchases are evenly distributed in the sub-samples segmented into repurchase size and firm 

scale.  One thing worth mentioning is the wide gap between the numbers of  debt-funded and 

non-debt-funded repurchases, 28 firms in the former category and 126 in the latter.  The 

analyses of the full sample may be dominated by the performance of  non-debt-funded firms. 

[Insert Table 2 here] 

II. Methodology 

 We conducted event studies and multivariate panel regressions when analyzing the 

consequences of  stock repurchases.  In this section, we describe the methodology used to 

calculate abnormal bond returns used in the literature, the derivation of  the credit risk 

innovations proxy, and the instrument variable approach used to confirm our panel regression 

results. 

A. Abnormal Bond Return 

Abnormal bond return can be calculated by either the market model approach or the 

mean-adjusted approach.  The majority of  previous empirical studies adopt the mean-adjusted 

approach.  We partly followed the methodology of  Maxwell and Stephens (2003) when 
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computing the daily abnormal bond returns5.  

 First, we obtained the gross prices of  corporate bonds from the Datastream database and 

calculated the daily returns for each bond (BR).  Then, the daily bond return minus the return 

on a matched-duration Treasury security (TR) generates the premium holding period return 

(PBR):                                              

         i i i PBR = BR TR  －  (1)

The mean expected excess return (EBR) for bond i at date t is equal to the average PBR during 

the previous 60 transaction dates. 

           
60

i i,t
t= 1

1EBR = PBR  
60

⎛ ⎞
⎜ ⎟
⎝ ⎠
∑
－

－

 (2)

Afterwards, the abnormal bond return (ABR) is defined as the amount of  premium holding 

period returns exceeding expected excess return: 

         i i iABR =PBR EBR－  (3)

For firms issuing multiple bonds, we calculated the market-value-weighted average (wi) of  the 

abnormal bond returns.  That is, each firm is regarded as an observation unit and has only 

one ABR number each day.  

          
N

k i i
i=1

ABR = ABR w∑  (4)

B. Credit Risk Innovation Proxy 

In this study, we focus on the changes in credit risk rather than in bond yield spreads which 

                                                 
5 Maxwell and Stephens (2003) uses bond data from Lehman Brothers Bond Database (LBBD) and calculates 
monthly abnormal bond returns because the LBBD only contains monthly bond information.  Our bond data 
was obtained from Datastream.  We collected daily observations to capture daily shocks due to stock repurchases.  
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are generally employed in the literature to measure stock repurchases events because the latter 

are mainly composed of  market risk premiums, liquidity risk premiums, credit risk premiums, 

and a nebulous remaining part.  Therefore, the quote given for the credit default swap (CDS) 

seems to be a good proxy for credit risk.  However, only around 13% of  the sampled 

corporate bonds with stock repurchase events have CDS data.  It motivated us to construct a 

synthesized proxy for credit risk innovation from bond yield spreads.  To construct a proxy 

that can depict credit changes more precisely, we screened out non-default components from 

the bond yield spreads and considered the remaining parts as credit risk innovations. 

Referring to Collin-Dufresne et al. (2001), Campbell and Taksler (2003), and Tsuji (2005), 

we chose several variables that significantly represented the market and liquidity risk premiums. 

1. Level of  Term Structure.  Longstaff  and Schwartz (1995) points out that the static effect 

of  a higher spot rate is to increase the risk-neutral drift rate in the firm value process.  A 

higher drift rate reduces the default probability and then causes credit spreads to decrease. 

Collin-Dufresne et al. (2001) use 10-year Benchmark Treasury rates (TR10) as a proxy for 

the spot rate, while Campbell and Taksler (2003) use the closest benchmark Treasury rate 

(LTR). 

2. Slope of  Term Structure.  An increase in the slope of  the term structure reveals an 

increase in expected future short rates and leads to a decrease in credit spreads.  The 

proxy is the difference between 10-year and 2-year Treasury yields (Slope). 

835



 - 12 -

3. Bond Market Liquidity.  Illiquidity increases yield spreads.  A significant proxy for 

liquidity presented by Collin-Dufresne et al. (2001) is the difference between yields on the 

10-year swap index and 10-year Treasury yield (Swap).  Campbell and Taksler (2003) 

selects the difference between the 30-day Eurodollar and Treasury yields (LIQ).  These 

two variables are negatively related to yield spreads because wider gaps indicate worse 

liquidity. 

4. Cross-Sectional Bond Liquidity.  To consider cross-sectional differences in corporate bond 

liquidity, we follow Campbell and Taksler (2003) to employ the natural logarithm of  the 

bond issue size (Issue) as a proxy. 

One assumption of  the OLS regression is the zero correlation between explanatory 

variables and the residual item. Therefore, we run an OLS regression of  bond yield spreads on 

the non-default component proxies mentioned above and collect the residual items.  The 

residuals approximate the credit risk innovations of  each company. 

To avoid colinearity problems, we only choose one variable out of  a group of  high 

correlated variables.  Table 3 reports correlation coefficients between the six proxies.  LIQ is 

highly correlated with TR10, LTR, and Slope. The correlation coefficients are 0.6437, 0.5927, 

and -0.8802, respectively.  In addition, TR10 and LTR are highly correlated.  Therefore, we 

drop the variables TR10 and LIQ. 

To extract credit risk components of  the bond yield spreads, we take each daily yield spread 
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of  a sample firm as one observation.  For firms issuing multiple bonds, we calculate the 

market-value-weighted average yield spread.  The multivariate regression of  yield spreads (YS) 

is written as: 

        i 1 i 2 i 3 i 4 i iYS = + LTR + Slope  + Swap  + Issue  + α β β β β ε  (5)

The residual item in equation (5) is defined as the quasi credit risk innovations (QCI).  

          i i QCI  ε ≡  (6)

 [Insert Table 3 here] 

C. Instrument Variable Approach 

We employ the following models to measure the impact of  fund sources (Source) on quasi 

credit risk innovations: 

        i 1 1 i 2 i 3 i 1 iQCI = + Source + K +  + α β β β ω ε  (7)

         i 2 4 i 5 i 6 i 2 iSource = + V  + K  +  + α β β β ω ε  (8)

The unobserved firms’ fundamental risk ( iω ) and a common set of  determinants ( iK ), such as 

firm size, profitability, and leverage, may jointly influence the decision of  fund sources for the 

repurchase and the credit changes.  The endogeneity problem leads to a biased estimation of  

1β , the impact of  fund sources on credit risk innovations.  Therefore, in equation (8), we 

include a set of  instrument variables ( iV ) which are correlated to the funding choice but 

uncorrelated to the credit risk innovations.  Through the two stage least square regression, we 

can mitigate the econometric problem. 
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 The first instrument variable is the marginal tax rate.  According to Graham (1996a), 

high-tax-rate firms tend to issue more debt than their low-tax-rate counterparts.  We argue 

that forward-looking managers would consider the future tax status and then determine the 

types of  funds used to buy back shares.  Graham (1996b) compares several proxies for 

marginal tax rates.  He reports that the statutory marginal tax rate, the taxable income dummy, 

and the trichotomous variable are the best substitutes if  the simulated marginal tax rate is 

unavailable.  The statutory marginal tax rate is obtained from applying the statutory federal tax 

schedule to contemporaneous taxable income, net of  any NOL carry forwards.  The statutory 

rate is set to zero for negative income firms.  The taxable income dummy is assigned the top 

statutory tax rate if  taxable income is positive and a value of  zero otherwise.  The 

trichotomous variable is equal to: (i) the top statutory tax rate if  taxable income is positive and 

NOL carry forwards are zero, (ii) zero if  taxable income is negative and NOL carry forwards 

are positive, and (iii) half  of  the top statutory rate, otherwise.  

 The second instrument variable is the bond market liquidity.  In addition to internal 

factors, the macroeconomic condition may affect companies’ funding choices.  If  the bond 

market is illiquid, corporate bonds would incur higher premiums.  Illiquidity also implies 

higher uncertainty in the overall environment and financial institutions may have tighter 

funding policies.  Hence, companies have less capability to fund repurchases by borrowing 

money.  We consider the two proxies mentioned in Section III.B.: the difference between 
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yields on the 10-year swap index and the 10-year Treasury yield (Swap) and the difference 

between the 30-day Eurodollar and the Treasury yields (LIQ).  The bond market liquidity 

premium was ruled out when we extracted credit risk innovations; therefore, they must be 

uncorrelated from the firms’ credit quality. 

 To select a proxy for each factor, we conducted a stepwise regression (not reported) and 

include the variables that best explained the funding choice.  The statutory marginal tax rate 

and the difference between yields on the 10-year swap index and 10-year Treasury yield are the 

two elected instruments.   

IV. Empirical Results 

 In this section, we first present the event study results on both abnormal bond returns 

and quasi credit risk innovations first.  Then, we discuss the panel regression results of  quasi 

credit risk innovations using full sample data as well as those from sub-samples.  Further, the 

results of  instrument variable regressions are reported to confirm the impact of  the funding 

choice.  Finally, we depict the long-term trends in quasi credit risk innovations. 

A. Event Studies on Abnormal Bond Returns and Quasi Credit Risk Innovations 

Prior researches on bond performance after stock repurchase announcements were 

conducted by observing the behaviors of  abnormal bond returns.  We argue that an abnormal 

bond return is not a pure measure of  credit risk shocks to bondholders’ wealth.  Variations in 

other non-credit factors may generate abnormal bond returns.  Instead, the quasi credit risk 
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innovations contain almost only the default component of  bond yields and should perform 

better in capturing the impact of  stock repurchases on debt holders’ wealth through credit risk 

shocks.  

Table 4 reports the panel regressions of  bond yield spreads on the market and liquidity 

premium proxies discussed in section III.  The first four univariate regressions clearly indicate 

that, as documented in the literature, bond yield spreads are negatively explained by the level 

and slope of  the term structure, positively affected by the bond market liquidity proxy, and 

negatively related to the bond issuance size.  The last column is the multivariate regression 

from which we collect the quasi credit risk innovations.  

[Insert Table 4 here] 

The credit risk innovations account for a portion of  abnormal bond returns.  Positive 

credit risk innovations lead to decreases in abnormal bond returns.  Though not reported, we 

test this negative relationship and confirm that credit risk innovations significantly interpret the 

downward movements of  abnormal bond returns.  Therefore, if  stock repurchasing 

expropriated bondholders’ wealth, then credit risk innovations would increase.  If  the cost of  

repurchasing could be covered by an increase in firm value and the financial health does not get 

worse, then, the credit risk innovations would be negative.  For comparison, we conduct the 

standard event study on both abnormal bond returns and quasi credit risk innovations. 

Tables 5 and 6 document the cumulative averages of  abnormal bond returns and quasi 
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credit risk innovations, respectively.  We try different time windows around stock repurchase 

announcements.  From Table 5, accumulated abnormal bond returns in the full sample are 

negative in all time windows except for (0,+1), (0,+2), and (0,+3).  Within subgroups 

segmented by repurchase size, bondholders of  firms repurchasing shares in a smaller amounts 

have temporary profits one week following the announcements.  These results are consistent 

with Maxwell and Stephens (2003), which reports significant negative abnormal bond returns 

in the month around repurchase announcements and a negative relationship between abnormal 

bond returns and repurchase size.  

However, from Table 6, the credit risk innovations provide different insights.  In the full 

sample, firms announcing share repurchases have significant negative credit risk innovations 

indicating that their credit conditions improve around the time of  the announcements.  Debt 

holders do not suffer from wealth expropriation.  The negative abnormal bond returns merely 

reflect market overreaction to stock repurchase announcements.  Regarding the size of  the 

repurchase, we find evidence that firms who announce larger repurchases enjoy credit 

enhancements, while firms who announce smaller repurchases encounter positive credit risk 

innovations (worse credit conditions).  Although larger repurchases incur higher costs, the 

expected firm value increases by a larger amount and thus credit premiums decrease.  

In both Tables 5 and 6, it can be seen that the firm size has opposite effects on bond and 

stock performances.  Jagannathan and Stephens (2003) reports greater positive signaling on 
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small firms’ stocks, and claims that stock repurchase helps increase information transparency.  

Columns (4) and (5) in Tables 5 and 6 present the statistics of  the sub-samples sorted by firm 

size.  Large firms enjoy significant negative credit risk innovations (better credit conditions).  

The default risk of  small-scale firms increases, but not significantly, around the time of  stock 

repurchases.  One possible reason is that large firms usually are more mature and financially 

stable.  Thus, increase in leverage due to stock repurchase affects large firms only slightly and 

better future performance signals dominate. 

The last two columns in Tables 5 and 6 provide the results of  announcements with 

different fund sources.  As in Table 6, the debt-funded repurchases bear insignificant positive 

credit risk innovations over the two months around the announcements.  Non-debt-funded 

repurchases have significant credit enhancements in the corresponding time windows.  These 

results reveal that, for firms using internal funds to repurchase shares, the cost of  repurchasing 

(reduction in assets) can be fully covered by increases in the expected value of  the firm.  The 

default risk is even lower.  In contrast, firms who fund their repurchases with issuing debt 

increase their default thresholds and their cost of  repurchasing are higher than those funded 

with internal funds.  Increases in the expected firm value are not enough to abate increases in 

the default risk.  However, in Table 5, debt-funded firms have positive abnormal bond returns 

within four days of  the announcements.  If  we only investigate abnormal bond returns, we 

would have an illusion of  the impact of  funding choices and neglect the underlying credit 
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changes. 

[Insert Table 5 here] 

[Insert Table 6 here] 

 In the process of  constructing the credit risk innovation proxy, we did not consider the 

effect of  firm characteristics on the credit premium.  To control the effect of  firm 

characteristics and focus on the impact of  stock repurchases, we conduct panel regression 

analyses in the following subsection. 

B. Panel Regression Analyses of  Quasi Credit Risk Innovations 

The data used in the panel regressions includes only observations from one month prior to 

each announcement to one year after the announcement.  Including observations of  long 

periods before announcements would incorporate effects other than those resulting from stock 

repurchasing and would therefore produce contaminated results.  In addition, some of  the 

proxies for firm characteristics are quarterly accounting data, the time-series effect is also a 

concern.  Though not reported, we have tried different time windows: from three to six 

months before each announcement to two to three years after the announcement.  We found 

that our results are robust and all these additional results are similar to the exhibited ones. 

 We include two dummies in the regressions.  One is an indicator for time before or after 

stock repurchase announcements (X).  X is equal to 1 if  the observation is after the 

announcement and 0 otherwise.  The other dummy is used to distinguish the source of  funds 

(Source).  Source is equal to 1 if  the announcement is funded with debt and 0 otherwise.  In 
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addition, we input four firm characteristic proxies for repurchase size, asset scale, profitability, 

and leverage.  

 Table 7 reports the pooled regressions using full sample data.  The event indicator X has 

significant negative coefficients, while the funding choice indicator Source has significant 

positive ones.  Considering these two dummies together, we suggest that generally firms’ 

credit qualities improve after stock repurchase announcements but those funded by debt  

enjoy less credit enhancement.  The influences of  firm characteristics are all significant.  The 

size of  repurchase is negatively related to credit risk innovations, which is consistent with the 

findings in previous event studies.  Relatively, firms with greater assets or higher profitability 

have more favorable credit risk innovations.  Moreover, as expected, the estimate on leverage 

is significantly positive.  From a cross-sectional view perspective, firms with higher leverage 

have more unfavorable changes in credit conditions.  Within each company, leverage varies 

with credit risk innovations in the same direction.  The measure of  leverage adopted in this 

paper contains information of  the stock market because the equity value is a market measure. 

Although stock repurchase leads to decreases in the shares outstanding, positive signaling 

would drive up the stock price and the overall leverage (in market measure) may decrease.  As 

indicated by the estimates of  event indicator X, companies have downward credit risk 

innovations.  Hence, the positive relationship between leverage (in market measure) and credit 

risk innovations once again evidences the positive signals for the expected firm value. 
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[Insert Table 7 here] 

 We divide our sample by the repurchase size, asset scale, and funding choices.  The 

results for the former two categorizations are reported in Table 8 and the latter is in Table 9.  

From columns (1) to (4) in Table 8, the estimates of  X and Source for large repurchases are 

more economically significant than those for small repurchases.  The results further confirm 

that large repurchases have not only higher positive signals but also higher wealth transfer 

effect, and the signaling effect dominates the wealth transfer effect.  Comparisons of  columns 

(5) to (8) provide distinctions on firm size.  Consistent with our previous findings, large firms 

have more favorable credit condition changes after stock repurchase announcements.  In 

addition, after considering firm-specific factors, the small firms who announce larger 

repurchases or funding repurchases using debt enjoy relatively more favorable credit risk 

innovations.  In other words, within this “small firm” sub-sample, it is evident that stock 

repurchase announcements help enhance information transparency. 

[Insert Table 8 here] 

 In Table 9, columns (1) to (4) show results for the debt-funded repurchases and (5) to (8) 

show the results for the non-debt-funded.  After taking firm characteristics into consideration, 

the non-debt-funded repurchases still have more favorable credit risk innovations statistically 

and economically than the debt-funded repurchases.  The debt-funded, repurchases, despite 

the event study results providing positive credit risk innovations in the two months around 

stock repurchase announcements, have a negative estimate on variable X.  That is, the 
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debt-funded repurchases have unfavorable credit risk innovations around the period of  

announcements, but the conditions get better later on after the announcements.  Columns (2) 

to (4) show that the effect of  repurchase size on debt-funded firms is vague.  In the univariate 

regression, repurchase size positively (but insignificantly) affects credit risk innovations.  After 

including three other firm characteristic variables, the estimate turns out to be significantly 

negative.  These results reveal that the characteristics of  a firm are somewhat correlated to 

each other and influence stock repurchase decisions.  

 [Insert Table 9 here] 

 Furthermore, since the research period is from year 1991 to year 2006, we added 14 year 

dummies to distinguish the years of  stock repurchase announcements.6  The regression results 

are consistent with what we reported and discussed previously.  To save space, we have not 

tabulated them in this paper. 

C.  Instrument Variable Approach 

From the analyses above, we learn that the funding choice has influence over the credit risk 

innovations around the period of  stock repurchase announcements.  However, some 

unobserved intrinsic risks may affect firms’ funding decision on stock repurchases and 

simultaneously affect the credit risk innovations.  We use the instrument variable method to 

tackle this endogeneity issue.  

                                                 
6 Although the research period includes 16 calendar years, there is no stock repurchase announcement matching 
our requirement in the year 1991. Therefore, we only added 14 year dummies. 
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In addition, because firm characteristics (e.g. repurchase percentage, firm size, return on 

assets, and leverage ratio) may affect the information contents of  stock repurchase, we examine 

the difference in the effect of  sources of  repurchase funding on firm credit risk between 

controlling and not controlling firm characteristics in stage one regression.    

Tables 10 and 11 exhibit the results of  the first and second stage of  instrument variable 

regressions, respectively.  To be consistent, the data input in these regressions are in the same 

time window as in previous analyses: from one month before each announcement to one year 

after the announcement.  Column (1) in both Tables 10 and 11 reports the results of  the base 

case without instrument variables.  Column (2) in both tables reports the results of  the 

regression that adopts two proxies, marginal tax rate and bond market liquidity, as the 

instrument variables for funding choice, and controls four firm characteristic variables which 

not only influence the Source variable but also the credit risk changes.  Column (3) exhibits the 

results of  the regression, which includes only the instrument variables without controlling the 

four firm characteristic variables.  

[Insert Table 10 here] 

[Insert Table 11 here] 

The estimating results in column (2) of  both Tables 10 and 11 show that the estimates on 

Source variable are more significantly positive than those in the base case.  This confirms that 

firm characteristics would also affect the funding choice and, after dealing with the endogeneity 

issue, firms funding repurchases with debt have even a less favorable effect on credit risk 
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innovations than those funding with internal funds.  That is, controlling firm characteristics, a 

firm’s credit risk significantly increases when conducting a debt-funded repurchase.  It is 

consistent with the wealth transfer effect. 

The results in column (3), however, show that if  there are no controls in firm 

characteristics, a firm’s credit risk significantly decreases when conducting debt-funded 

repurchases.  It shows that a signaling effect exists and is greater than the wealth transfer 

effect.  Bearing in mind the reason for selecting the marginal tax rate as one of  the instrument 

variables, forward-looking managers should consider their firm’s future tax status and then 

decide the fund sources.  A better expected future performance leads to a higher future tax 

rate and the marginal tax rate can capture this information.  Firms with higher marginal tax 

rates tend to increase their leverage and, accordingly, tend to raise debt levels to fund stock 

repurchases.  Hence, funding repurchases with debt should give more positive signals of  

better future performance.  Our previous results without instrument variables cannot tell 

apart the signaling effect from the increase in credit risk innovations due to the increase in the 

default threshold.  When using the instrument variables, the estimate on Source is significantly 

negative and evidences the positive impact of  funding with debt.   

D. Long-term Cumulative Average Credit Risk Innovations 

To investigate whether bondholders’ wealth is expropriated over a long period, we calculate 

the average of  cumulative quasi credit risk innovations.  For consistency, the time window is 
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set to start one month prior to each announcement.  We also calculate other sets of  

cumulative quasi credit risk innovations with different starting times, including three months 

prior to announcements and on the date of  announcements.  Similar patterns are obtained.  

Figure 1 exhibits the cumulative average quasi credit risk innovations in the three-year horizon.  

For comparison, we depict the cumulative average of  abnormal bond returns in the same figure.  

The cumulative average quasi credit risk innovations are negative and have a downward trend 

during the three years after repurchase announcements.  This reveals that companies’ credit 

conditions are improved and that bondholders’ wealth is not expropriated.  On the contrary, 

the trend in cumulative average abnormal bond returns provides a different story.  Cumulative 

average abnormal bond returns is negative and plunges from the time of  announcement to two 

months after announcements.  This gives the illusion of  severe wealth expropriation.  

Companies’ credit risks generally do not increase.  Extending the time window to ten years, 

Figure 2 further confirms that there is no reversal in cumulative average credit risk innovations.  

[Insert Figure 1 here] 

[Insert Figure 2 here] 

 Figure 3 depicts the 10-year trends in cumulative average credit changes for large and 

small repurchases.  Firms announcing small repurchases have less favorable credit risk 

innovations within three years around the repurchase announcements.  However, after three 

years, their credit conditions improve at a faster pace than large repurchasing firms.  

[Insert Figure 3 here] 

 Figure 4 shows the trends in cumulative average credit risk innovations for large and small 
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firms.  Large firms have a smooth and downward curve, which implies gradual improvement 

in their credit condition.  Small firms’ default risks start to decrease quickly about four years 

(980 days) following announcements.  

[Insert Figure 4 here] 

 In Figure 5, we compare the trends of  cumulative average credit changes for the debt- and 

non-debt-funded repurchases.  The firms funding repurchases with internal funds have steady 

negative credit risk innovations.  The firms announcing debt-funded repurchases suffer from 

positive credit risk innovations in the first two years following the announcements.  

Afterwards, their default risks decrease. 

[Insert Figure 5 here] 

V. Conclusions 

In this paper, we construct a new proxy for approximating credit risk innovations and 

investigate whether bondholders’ wealth is expropriated via stock repurchases.  The event 

study results show that the wealth transfer effect is not as severe as documented in the 

literature.  Firms announcing their intention to repurchase shares generally can afford it and 

their underlying credit conditions improve.  In addition, those firms announcing large 

repurchases, who are large firms, or who fund their repurchases with internal funds enjoy 

significantly negative credit risk innovations.  The results are quite different from research 

employing the abnormal bond returns approach in the literature. 

 Since our quasi credit risk innovations contain firm characteristic variations, we include 
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firm characteristics in the panel regressions to focus on the impact of  stock repurchases.  The 

results indicate that firms’ credit risk innovations decrease after stock repurchase 

announcements.  The size of  repurchase is positively related to the size of  signaling and 

wealth transfer effects.  However, large repurchases enjoy more credit enhancements.  

Regarding firm size, large firms generally have a greater reduction in credit risk innovations.  

Furthermore, both the debt-funded and the non-debt-funded firms enjoy better credit 

conditions after announcements, but the debt-funded firms benefit less.  

 Adopting the marginal tax rate and bond market liquidity as instrument variables for 

funding choice, we find evidence that funding repurchases with debt releases more optimistic 

future performances.  In addition, after considering the endogeneity problem, the distinctions 

between different funding decisions still hold.  Although debt-funded repurchases release 

more positive signals than the non-debt-funded ones, the additional benefits are not sufficient 

to cover the additional increase in default risk when controlling for firm characteristics.  

 Finally, we depict the long-term cumulative average of  quasi credit risk innovations after 

announcements.  In the long-run horizon, there will be no reversal in this trend.  Stock 

repurchase activities do not harm bondholders’ positions because improvements in expected 

future performance compensates for the cost of  repurchases. 
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Table 1 

Descriptive Statistics for Stock Repurchase Announcements 

This table provides the descriptive statistics about stock repurchase announcements in our 
sample by years.  The sample period is 1991/01/02-2006/12/29.  The classification of  
debt-funded or non-debt-funded is based on the “source of  funds” reported in the SDC 
database.  Announcements that are categorized as the debt-funded if  the sources of  funds 
contain debt facilities; otherwise, they are categorized as the non-debt-funded.  Announced 
repurchase (%) is the size of  repurchase measured in the percentage over outstanding shares. 
We report both its mean and median in the table. 
 

Year 
Number of  

Announcements 
Debt-funded

Non-debt-
funded 

Announced 
repurchase (%) 

－Mean 

Announced 
repurchase (%) 

－Median 

1991 0 0 0     --     -- 
1992 1 0 1 15.21  15.21  
1993 1 0 1 3.97  3.97  
1994 8 1 7 11.55  6.33  
1995 13 2 11 5.17  4.90  
1996 16 4 12 5.85  5.67  
1997 14 7 7 8.07  7.70  
1998 12 0 12 10.00  4.67  
1999 7 0 7 9.66  9.20  
2000 4 0 4 7.43  6.84  
2001 6 1 5 6.55  5.28  
2002 5 1 4 12.06  11.31  
2003 9 0 9 7.62  6.56  
2004 15 1 14 6.96  6.12  
2005 25 6 19 8.04  7.21  
2006 18 5 13 10.54  6.94  

1991-2006 154 28 126 7.84  6.45  
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Table 2 

Descriptive Statistics for Sample Companies 

This table presents the descriptive statistics on companies in our sample.  The first column provides summary statistics of  the full sample, and the 
remaining six columns report information for sub-samples.  Announcements are categorized into debt-funded and non-debt-funded by source of  
funds as we state in the Table 1.  Repurchases with announced repurchase size larger than the median 6.45% are classified into the group of  large 
repurchases, and others are regarded as small repurchases.  The classification of  firm scale is based on the natural logarithm of  total assets on the 
first announcement date.  The critical point of  firm scale is the median 8.35.  The leverage ratio is computed as debt (in book value) divided by the 
sum of  debt (in book value) and equity (in market value), where book value of  debt is “long-term debt” plus “debt in current liabilities” from the 
COMPUSTAT, and market value of  equity is the number of  shares outstanding multiplied by share price from the CRSP.  The ROA is the ratio of  
operating income over total assets from the COMPUSTAT. 
 
    Sub-samples Segmented by Firm Characteristics 

 Full Sample Debt-funded
Non-debt

-funded 

Small Repurchases

＜6.45% 

Large Repurchases

≧6.45% 

Small Firm 

Scale＜8.35 

Large Firm 

Scale≧8.35 

Number of Announcements 154 28 126 75 75 77 77 

    Debt-funded 28 28 0 15 13 14 14 

    Non-debt-funded 126 0 126 60 62 63 63 

Firm Characteristics        

Announced repurchase (%)        

Mean  7.84  8.18  7.77  4.33  11.47  8.20  7.59  

Median 6.45  6.38  6.72  4.64  9.92  5.90  6.77  

Standard Deviation 6.16  6.12  6.17  1.50  6.99  7.10  5.37  

Ln (Total Assets)        

Mean  8.64  8.92  8.59  8.68  8.61  7.63  9.34  

Median 8.60  9.29  8.56  8.63  8.57  7.77  9.47  

Standard Deviation 1.27  1.38  1.24  1.43  1.08  0.95  0.96  
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Table 2 

Descriptive Statistics for Sample Companies (Continued) 

 

    Sub-samples Segmented by Firm Characteristics 

 Full Sample Debt-funded
Non-debt

-funded 

Small Repurchases

＜6.45% 

Large Repurchases

≧6.45% 

Small Firm 

Scale＜8.35 

Large Firm 

Scale≧8.35 

Leverage Ratio (%)        

Mean  30.48  30.16  30.55  30.36  30.61  28.21  32.05  

Median 26.75  26.09  27.04  26.30  27.30  22.14  29.63  

Standard Deviation 19.07  19.80  18.90  19.50  18.59  21.01  17.44  

Return on Assets (%)        

Mean  4.10  4.25  4.06  3.99  4.22  4.38  3.90  

Median 4.02  4.09  4.01  3.98  4.07  4.15  3.94  

Standard Deviation 2.07  1.94  2.10  1.86  2.28  2.30  1.88  
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Table 3 

Correlation Coefficients between Market and Liquidity Premium Proxies 

Using daily data from year 1991 to 2006, we calculate the correlation coefficients of  the market 
and liquidity premium proxies.  TR10 is the 10-year Benchmark Treasury rate.  LTR is the 
closest benchmark Treasury rate.  Slope is the difference between the 10-year and the 2-year 
Treasury yields.  Swap is the difference between yields on the 10-year swap index and the 
10-year Treasury yield.  LIQ is the difference between the 30-day Eurodollar and the Treasury 
yields.  Issue is the natural logarithm of  bond issuance size.  
 
  TR10 LTR Slope Swap LIQ Issue 
TR10 1      
LTR 0.9462  1     
Slope -0.2975  -0.2510 1    
Swap 0.2440  0.2289  -0.3467 1   
LIQ 0.6437  0.5927  -0.8802 0.4172  1  
Issue -0.2324  -0.2470 0.0785  -0.0534 -0.1675  1 
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Table 4 

Panel Regressions of  Bond Yield Spreads on the Market and Liquidity Premium 

Proxies 

Using all 479,247 daily bond observations available during the period 1991-2006, we regress the 
yield spread (YS) on the closest benchmark Treasury rate (LTR), the difference between the 
10-year and the 2-year Treasury yields (Slope), the difference between yields on the 10-year swap 
index and the 10-year Treasury yield (Swap), and the natural logarithm of  bond issuance size 
(Issue).  Associated t-statistics are reported in the parentheses immediately beneath the 
parameter estimates.  The asterisk is added when the coefficient is significant. 
 

  (1) (2) (3) (4) (5) 
Constant 0.0335  0.0324  -0.0184  0.3021  0.3046  
 (12.51)*** (36.73)*** (-11.36)*** (36.19)*** (31.08)***
LTR -0.0006    -0.0083 
 (-1.16)   (-15.03)***
Slope -0.0017   0.0053 
 (-2.76)***  (8.10)***
Swap 0.0940   0.1082 
 (32.13)***  (34.31)***
Issue -0.0222  -0.0240 
 (-32.61)*** (-34.26)***
Number of observations 479,247 479,247 479,247 479,247 479,247 
Adjusted R2 0.0000 0.0000 0.0021 0.0022 0.0049 

***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 5 

Event Study Using Abnormal Bond Returns 
This table documents the mean of  cumulative abnormal bond returns and associated 
significance tests during different time windows.  The date of  announcement is time 0.  (-N, 
+N) denotes the cumulative abnormal bond returns from N transaction dates before 
announcements to N transaction dates after announcements.  The criteria to segment samples 
are the same as in Table 2.  Associated t-statistics are reported right beneath the mean of  
cumulative abnormal bond returns.  
 

    Sub-samples Segmented by Firm Characteristics 

Time  

Window 

Full  

Sample 

Small 

Repurchase 

Large 

Repurchase

Small Firm 

Scale 

Large Firm 

Scale 

Debt- 

funded 

Non-debt-

funded 

(-20,0) -0.194 -0.4810  0.1155  -0.105 -0.2840  -0.6360 -0.2080 

 (-0.82) (-1.22) (0.47) (-0.27) (-1.07) (-0.15) (-0.96) 

(-10,0) -0.163 -0.2670  -0.0510  -0.151 -0.1740  0.0899 -0.2190 

 (-1.05) (-1.11) (-0.26) (-0.59) (-1.00) (0.17) (-1.48) 

(-5,0) -0.235 -0.3650  -0.0940  -0.2190  -0.2500  0.1306 -0.3160 

 (-1.88)* (-1.70)* (-0.80) (-1.49) (-1.23) (0.51) (-2.23)** 

(-4,0) -0.2280 -0.3440  -0.1020  -0.2270  -0.2290  0.0029 -0.2790 

 (-2.05)** (-1.79)* (-1.02) (-1.78)* (-1.25) (0.02) (-2.17)** 

(-3,0) -0.1620 -0.1790  -0.1430  -0.1740  -0.1500  -0.0320 -0.1910 

 (-2.08)** (-1.47) (-1.50) (-1.50) (-1.43) (-0.20) (-2.15)** 

(-2,0) -0.1330 -0.1720  -0.0920  -0.0940  -0.1720  0.0559 -0.1750 

 (-1.90)* (-1.57) (-1.07) (-0.82) (-2.11)** (0.36) (-2.24)** 

(-1,0) -0.0820 -0.1190  -0.0410  -0.0860  -0.0780  0.0682 -0.1150 

 (-1.43) (-1.27) (-0.67) (-0.89) (-1.28) (0.52) (-1.82)* 

        

(0,+1) 0.0739 0.1523  -0.0110  -0.0440  0.1917  0.1091 0.0661 

 (0.89) (1.09) (-0.13) (-0.44) (1.44) (0.89) (0.67) 

(0,+2) 0.0393 0.1309  -0.0600  -0.1630  0.2417  0.1476 0.0152 

 (0.43) (0.89) (-0.59) (-1.40) (1.78)* (0.94) (0.14) 

(0,+3) 0.0245 0.0984) -0.0550  -0.1420  0.1909  0.0431 0.0203 

 (0.29) (0.75) (-0.54) (-1.20) (1.61) (0.28) (0.21) 

(0,+4) -0.0830 -0.0090  -0.1630  -0.2100  0.0445  -0.0810 -0.0830 

 (-0.90) (-0.07) (-1.22) (-1.48) (0.38) (-0.44) (-0.79) 

(0,+5) -0.0890 0.0361  -0.2240  -0.2480  0.0698  -0.1000 -0.0860 

 (-0.90) (0.27) (-1.52) (-1.60) (0.57) (-0.49) (-0.77) 

(0,+10) -0.1470 -0.1280  -0.1680  -0.3580  0.0644  -0.1510 -0.1460 

 (-1.10) (-0.68) (-0.88) (-1.75)* (0.38) (-0.50) (-0.98) 

(0,+20) -0.5270 -0.7890  -0.2480  -0.9730  -0.0870  -1.8680 -0.2270 

  (-1.73)* (-1.47) (-0.95) (-1.70)* (-0.42) (-1.36) (-1.08) 
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Table 5 

Event Study Using Abnormal Bond Returns (Continued) 

 

    Sub-samples Segmented by Firm Characteristics 

Time  

Window 

Full  

Sample 

Small 

Repurchase 

Large 

Repurchase

Small Firm 

Scale 

Large Firm 

Scale 

Debt- 

funded 

Non-debt-

funded 

(-1,+1) -0.0510 -0.0510  -0.0520  -0.1000  -0.0030  0.0956 -0.0840 

 (-0.63) (-0.36) (-0.69) (-0.85) (-0.02) (0.58) (-0.90) 

(-2,+2) -0.1380 -0.1250  -0.1510  -0.2280  -0.0470  0.1217 -0.1950 

 (-1.48) (-0.86) (-1.34) (-1.56) (-0.41) (0.57) (-1.90) 

(-3,+3) -0.1810 -0.1650  -0.1990  -0.2870  -0.0760  -0.0700 -0.2060 

 (-1.72)* (-1.01) (-1.52) (1.87)* (-0.52) (-0.35) (-1.7)* 

(-4,+4) -0.3550 -0.4380  -0.2640  -0.4080  -0.3010  -0.1600 -0.3980 

 (-2.32)** (-1.68)* (-1.79)* (-2.47)** (-1.17) (-0.57) (-2.26)** 

(-5,+5) -0.367 -0.4130  -0.3180  -0.4380  -0.2970  -0.0520 -0.4380 

 (-2.47)** (-1.87)* (-1.61) (-2.00)** (-1.47) (-0.14) (-2.68)*** 

(-10,+10) -0.3530 -0.4790  -0.2180  -0.4800  -0.2270  -0.1430 -0.4000 

 (-1.73)* (-1.64) (-0.76) (-1.34) (-1.14) (-0.21) (-1.98)** 

(-20,+20) -0.7400 -1.3100  -0.1320  -0.9960  -0.4870  -2.0830 -0.4390 

  (-1.61) (-1.56) (-0.42) (-1.17) (-1.33) (-0.99) (-1.38) 

***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 6 

Event Study Using Quasi Credit Risk Innovations 
This table documents the mean of  cumulative quasi credit risk innovations and associated 
significance tests during different time windows.  The denotation of  time window is the same 
as in Table 5.  The criteria to segment samples are the same as in Table 2.  Associated 
t-statistics are reported right beneath the mean of  cumulative quasi credit risk innovations.  

    Subsamples Segmented by Firm Characteristics 

Time 

 Window 

Full 

 Sample 

Small 

Repurchase 

Large 

Repurchase

Small Firm 

Scale 

Large Firm 

Scale 

Debt- 

funded 

Non-debt-

funded 

(-20,0) -0.0725 0.0082 -0.1597 0.0550 -0.2000 0.0915 -0.1089 

 (-1.77)* (0.15) (-2.63)** (0.89) (-4.02)*** (1.12) (-2.36)**

(-10,0) -0.0382 0.0056 -0.0856 0.0268 -0.1033 0.0484 -0.0548 

 (-1.77)* (0.19) (-2.67)*** (0.82) (-3.94)*** (1.14) (-2.36)**

(-5,0) -0.0213 0.0031 -0.0477 0.0131 -0.0558 0.0252 -0.0317 

 (-1.81)* (0.20) (-2.74)*** (0.73) (-3.88)*** (1.08) (-2.38)**

(-4,0) -0.0181 0.0018 -0.0397 0.0105 -0.0468 0.0206 -0.0267 

 (-1.84)* (0.14) (-2.74)*** (0.70) (-3.89)*** (1.06) (-2.41)**

(-3,0) -0.0145 0.0011 -0.0313 0.0084 -0.0374 0.0167 -0.0214 

 (-1.84)* (0.10) (-2.70)*** (0.70) (-3.90)*** (1.07) (-2.41)**

(-2,0) -0.0110 0.0004 -0.0233 0.0067 -0.0287 0.0118 -0.0160 

 (-1.82)* (0.05) (-2.68)*** (0.73) (-4.04)*** (1.00) (-2.39)**

(-1,0) -0.0072 0.0004 -0.0154 0.0045 -0.0189 0.0087 -0.0107 

 (-1.79)* (0.07) (-2.61)** (0.72) (-3.94)*** (1.08) (-2.37)**

    

(0,+1) -0.0067 0.0016 -0.0157 0.0054 -0.0188 0.0085 -0.0101 

 (-1.69)* (0.30) (-2.73)*** (0.89) (-4.06)*** (1.11) (-2.25)**

(0,+2) -0.0102 0.0024 -0.0238 0.0082 -0.0286 0.0121 -0.0151 

 (-1.72)* (0.31) (-2.78)*** (0.91) (-4.09)*** (1.06) (-2.64)**

(0,+3) -0.0140 0.0023 -0.0315 0.0108 -0.0388 0.0148 -0.0204 

 (-1.78)* (0.21) (-2.77)*** (0.90) (-4.17)*** (0.98) (-2.29)**

(0,+4) -0.0180 0.0022 -0.0398 0.0126 -0.0486 0.0191 -0.0262 

 (-1.83)* (0.16) (-2.79)*** (0.83) (-4.15)*** (1.01) (-2.35)**

(0,+5) -0.0215 0.0026 -0.0476 0.0149 -0.0580 0.0239 -0.0316 

 (-1.82)* (0.16) (-2.78)*** (0.82) (-4.10)*** (1.06) (-2.36)**

(0,+10) -0.0414 0.0017 -0.0879 0.0230 -0.1057 0.0421 -0.0598 

 (-1.91)* (0.06) (-2.79)*** (0.69) (-4.03)*** (1.05) (-2.43)**

(0,+20) -0.0869 -0.0054 -0.1738 0.0382 -0.2103 0.0684 -0.1217 

 (-2.05)** (-0.09) (-2.84)*** (0.59) (-4.07)*** (0.90) (-2.50)**

. 
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Table 6 

Event Study on Quasi Credit Risk Innovations (Continued) 
 

    Sub-samples Segmented by Firm Characteristics 

Time 

 Window 

Full 

 Sample 

Small 

Repurchase 

Large 

Repurchase

Small Firm 

Scale 

Large Firm 

Scale 

Debt- 

funded 

Non-debt-

funded 

(-1,+1) -0.0105 0.0016 -0.0235 0.0074 -0.0283 0.0130 -0.0157 

 (-1.75)* (0.20) (-2.70)*** (0.81) (-3.99)*** (1.09) (-2.33)**

(-2,+2) -0.0177 0.0025 -0.0395 0.0125 -0.0479 0.0196 -0.0260 

 (-1.80)* (0.19) (-2.76)*** (0.83) (-4.07)*** (1.02) (-2.34)**

(-3,+3) -0.0250 0.0030 -0.0553 0.0167 -0.0668 0.0272 -0.0366 

 (-1.83)* (0.16) (-2.76)*** (0.80) (-4.03)*** (1.01) (-2.36)**

(-4,+4) -0.0327 0.0036 -0.0719 0.0206 -0.0859 0.0355 -0.0478 

 (-1.85)* (0.15) (-2.79)*** (0.76) (-4.02)*** (1.03) (-2.39)**

(-5,+5) -0.0394 0.0053 -0.0878 0.0255 -0.1044 0.0448 -0.0582 

 (-1.82)* (0.18) (-2.77)*** (0.77) (-3.99)*** (1.07) (-2.38)**

(-10,+10) -0.0761 0.0069 -0.1658 0.0473 -0.1995 0.0862 -0.1122 

 (-1.85)* (0.13) (-2.75)*** (0.75) (-4.00)*** (1.10) (-2.40)**

(-20,+20) -0.1569 0.0014 -0.3259 0.0903 -0.4009 0.1556 -0.2269 

  (-1.93)* (0.01) (-2.75)*** (0.73) (-4.07)*** (1.02) (-2.45)**

 ***, **, * denote significance at the 1%, 5%, and 10% levels, respectively 
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Table 7 
Panel Regressions of  Quasi Credit Risk Innovations  

This table reports the panel regressions of  quasi credit risk innovations using data from one month before each announcement to one year after the announcement. 
X indicates the announcement of  stock repurchase.  X is set to 1 if  the observation is after announcement and 0 otherwise.  The Source distinguishes the fund 
sources used to repurchase shares.  For debt-funded repurchases, Source is equal to 1, and for non-debt-funded repurchases, 0.  ANNPCT is the percentage of  
shares announced over total outstanding shares.  The LnAsset is the logarithm of  firms’ total assets.  The ROA is the ratio of  operating income over total assets. 
LEV is the leverage ratio, calculated as debt (in book value) divided by the sum of  debt (in book value) and equity (in market value).  The book value of  debt is 
“long-term debt” plus “debt in current liabilities,” and the market value of  equity is the number of  shares outstanding multiplied by share price.  The t-statistics 
are in parentheses.  

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Constant -0.0034 -0.0085 -0.0049 0.0489 -0.0002 -0.0119 -0.0053 0.0593 0.0657 
 (-6.30)*** (-48.19)*** (-18.71)*** (44.09)*** (-0.40) (-42.39)*** (-9.76)*** (41.54)*** (43.64)*** 
X -0.0030      -0.0030  -0.0031 
 (-5.32)***      (-5.32)***  (-5.43)*** 
Source  0.0099     0.0104  0.0117 
  (24.13)***     (26.88)***  (29.59)*** 
ANNPCT   -0.0002     -0.0004 -0.0004 
   (-8.51)***     (-13.97)*** (-14.79)*** 
LnAsset    -0.0065    -0.0068 -0.0071 
    (-50.63)***    (-52.64)*** (-55.22)*** 
ROA     -0.1472   -0.1568 -0.2069 
     (-16.86)***   (-15.18)*** (-20.01)*** 
LEV      0.0213  0.0099 0.0056 
      (22.53)***  (8.81)*** (4.96)*** 
Number of observations 39,078 34,485 34,485 34,485 34,485 34,485 34,485 34,485 34,485 
Adjusted R2 0.0007 0.0166 0.0021 0.0692 0.0081 0.0145 0.0189 0.0917 0.1149 
***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 8 

Panel Regressions of  Quasi Credit Risk Innovations, Segmented by Firm Characteristics 

This table reports the panel regressions within subsamples segmented by firm characteristics.  Only observations from one month before each announcement to 

one year after the announcement are included.  The denotation of  explanatory variables is the same as in Table 7.  Column (1) and (2) are the regression results 

of  small repurchases.  Column (3) and (4) are the results for large repurchases.  Column (5) and (6) are the results for small-scale firms.  Column (7) and (8) are 

the results for large-scale firms.  The even columns include firm characteristic variables, while the odd columns do not.  The t-statistics are in parentheses.  

 Small Repurchase Large Repurchase Small Firm Scale Large Firm Scale 
  (1) (2)  (3) (4) (5) (6) (7) (8) 
Constant -0.0011 0.0462 -0.0096 0.0722 -0.0002 0.1227 -0.0112 0.0338 
 (-1.71)* (25.69)*** (-9.92)*** (27.78)*** (-0.2) (44.36)*** (-15.07)*** (11.93)*** 
X -0.0030 -0.0025 -0.0037 -0.0032 -0.0029 -0.0022 -0.0035 -0.0036 
 (-4.44)*** (-4.13)*** (-3.68)*** (-3.29)*** (-3.16)*** (-2.85)*** (-4.63)*** (-4.73)*** 
Source 0.0076 0.0084 0.0109 0.0141 0.0116 -0.0013 0.0098 0.0094 
 (17.72)*** (21.76)*** (14.81)*** (18.95)*** (18.02)*** (-2.17)** (19.81)*** (18.42)*** 
ANNPCT  0.0004  0.0002  -0.0006  -0.0003 
  (3.90)***  (5.60)***  (-19.57)***  (-9.5)*** 
LnAsset  -0.0057  -0.0084  -0.0164  -0.0029 
  (-42.27)***  (-35.36)***  (-50.89)***  (-11.32)*** 
ROA  -0.1695  -0.2187  -0.1206  -0.1583 
  (-14.13)***  (-13.52)***  (-8.84)***  (-11.22)*** 
LEV  0.0270  -0.0167  0.0626  -0.0340 
  (21.83)***  (-9.11)***  (38.23)***  (-23.31)*** 
Number of observations 17,689 17,689 16,796 16,796 17,182 17,182 17,303 17,303 
Adjusted R2 0.0183 0.2120 0.0136 0.0858 0.0189 0.2757 0.0233 0.0587 

***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 9 
Panel Regressions of  Quasi Credit Risk Innovations, Segmented by Source of  Funds 

This table presents the pooled regressions within subsamples segmented by fund sources of  stock repurchases.  Only observations from one month 
before each announcement to one year after the announcement are included.  The denotation of  explanatory variables is the same as in Table 7. 
Associated t-statistics are in parentheses.  Columns (1) to (4) report the results for debt-funded announcements.  Columns (5) to (8) report the 
results for non-debt-funded announcements.  The t-statistics are in parentheses. 
 
 _______________Debt-funded________________ ________________Non-debt-funded_______________ 

  (1)  (2)  (3)  (4)  (5)  (6)  (7) (8) 
Constant 0.0044  0.0016  0.0038  0.0263  -0.0052  -0.0061  -0.0035  0.0761  
 (4.01)*** (3.19)*** (3.24)*** (8.97)*** (-8.44)*** (-20.48)*** (-5.42)*** (43.27)*** 
X -0.0023   -0.0023  -0.0026  -0.0031   -0.0031  -0.0031  
 (-2.03)**  (-1.99)** (-2.34)** (-4.91)***  (-4.75)*** (-4.8)*** 
ANNPCT  0.0000  0.0001  -0.0002   -0.0003  -0.0002  -0.0005  
  (-0.7) (1.46) (-4.05)***  (-10.16)*** (-7.31)*** (-15.57)*** 
LnAsset    -0.0025     -0.0080  
    (-10.35)***    (-53.32)*** 
ROA    -0.1933     -0.2176  
    (-10.39)***    (-17.85)*** 
LEV    0.0383     0.0000  
    (16.66)***    (0.01) 
Number of 
observations 

7,016  7,016  7,016  6,423  32,062  30,986  30,986  28,062  

Adjusted R2 0.0006  0.0001  0.0006  0.1755  0.0007  0.0036  0.0024  0.1000  
***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 10 

Instrument Variable Approach－ Stage One 

This table presents the first-stage regressions of  fund sources on the instrument variables and/or control 

variables.  That is the results of  the (8) as follows. 
        i 1 1 i 2 i 3 i 1 iQCI = + Source + K +  + α β β β ω ε  

(7)
         i 2 4 i 5 i 6 i 2 iSource = + V  + K  +  + α β β β ω ε  

(8)
Where, QCI is the quasi credit risk innovations; iω  indicates the unobserved firms’ fundamental risk; 

iK  denotes a common set of  firm characteristics, such as firm size, profitability, and leverage, which 

may jointly influence the decision of  fund sources to repurchase and the credit changes. iV  denotes a 

set of  instrument variables which are correlated to the funding choice but uncorrelated to the credit risk 

innovations.  Only observations from one month before each announcement to one year after the 

announcement are included.  MRTax and Swap are instrument variables. MRTax is the statutory 

marginal tax rate.  Swap is the difference between yields on the 10-year swap index and 10-year Treasury 

yield.  Column (1) is the base case without instrument variables.  Column (2) includes both the 

instrument variables and four firm-characteristic variables.  Column (3) includes the instrument 

variables only.  Associated t-statistics are in parentheses. 

 
Dependent Variable  Source 
  (1)  (2)  (3)  
Constant -0.31  -0.29 0.28  
 (-16.00)*** (-45.37)*** (51.84)*** 
MRTax  0.21 0.05  
  (18.37)*** (1.70)* 
Swap  -0.02 -0.20  
  (-5.74)*** (-21.10)*** 
ANNPCT 0.00  0.00  
 (3.41)*** (18.07)***  
LnAsset 0.02  0.05  
 (13.48)*** (75.97)***  
ROA 4.28  1.37  
 (30.97)*** (33.92)***  
LEV 0.38  0.07  
 (25.16)*** (15.65)***  
Number of 
observations 

34,485  34,485 34,737  

Adjusted R2 0.0314  0.0355 0.0111  
***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 
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Table 11 

Instrument Variable Approach－ Stage Two 
This table presents the second-stage regressions of  fund sources on the instrument variables and/or 

control variables.  That is the results of  the (7) as follows. 
        i 1 1 i 2 i 3 i 1 iQCI = + Source + K +  + α β β β ω ε  

(7)
         i 2 4 i 5 i 6 i 2 iSource = + V  + K  +  + α β β β ω ε  

(8)
Where, QCI is the quasi credit risk innovations; iω  indicates the unobserved firms’ fundamental risk; 

iK  denotes a common set of  firm characteristics, such as firm size, profitability, and leverage, which 

may jointly influence the decision of  fund sources to repurchase and the credit changes. iV  denotes a 

set of  instrument variables which are correlated to the funding choice but uncorrelated to the credit risk 

innovations.  Column (1) is the base case without substitution of  instrument variables.  Columns (2) 

and (3) are corresponding to Columns (2) and (3) in Table 10, respectively.  Associated t-statistics are in 

parentheses.  

 
 Dependent Variable QCI 
 (1)  (2) (3) 
Constant 0.0657  0.1587 0.7989  
 (43.64)*** (49.59)*** (134.51)*** 
X -0.0031  -0.0029 -0.0007  
 (-5.43)*** (-5.13)*** (-1.55) 
Source 0.0117  0.3588 -4.1239  
 (29.59)*** (34.22)*** (-126.97)*** 
ANNPCT -0.0004  -0.0012 0.0001  
 (-14.79)*** (-47.48)*** (5.79)*** 
LnAsset -0.0071  -0.0222 -0.0071  
 (-55.22)*** (-37.06)*** (-65.78)*** 
ROA -0.2069  -0.6906 -0.0778  
 (-20.01)*** (-7.68)*** (-8.99)*** 
LEV 0.0056  -0.0096 0.0247  
 (4.96)*** (-34.11)*** (26.12)*** 
Instrument Variable  None MRTax, Swap MRTax, Swap 
Number of 
observations 

34,485 34,485 34,737  

Adjusted R2 0.1149 0.1587 0.3786  
***, **, * denote significance at the 1%, 5%, and 10% levels, respectively. 

 

867



 - 44 -

 
Figure 1.  Cumulative Average Comparison－ 3 Year Horizon 

This figure exhibits the average of  quasi credit risk innovations and abnormal bond returns 
cumulated from one month before each announcement till three years after the announcement.  
 

 
Figure 2.  Cumulative Average Comparison－ 10 Year Horizon 

IThis figure exhibits the average of  quasi credit risk innovations and abnormal bond returns 
cumulated from one month before each announcement till ten years after the announcement. 
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Figure 3. Cumulative Average Quasi Credit Risk Innovations  

－ Segmented by Repurchase Size 
We segment the sample by repurchase size and cumulate the quasi credit risk innovations from 
one month before each announcement till ten years after the announcement. 
 

  

Figure 4. Cumulative Average Quasi Credit Risk Innovations 

－ Segmented by Firm Scale 

This figure exhibits the cumulative average quasi credit risk innovations by firm-scale 
segmentation.  The time window is one month prior to each announcement to ten years after 
the announcement.  
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Figure 5. Cumulative Average Quasi Credit Risk Innovations 

  － Segmented by Source of  Funds 

This figure exhibits the cumulative average quasi credit risk innovations within subsamples of  
fund sources.  The time window is one month prior to each announcement to ten years after 
the announcement.  
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1. Introduction 

While institutions dominate the financial markets landscape in developed countries, individual 

participation in capital markets has been increasing significantly over the past decade, particularly in 

Australia.1 Individuals have become increasingly important and active agents in markets for a variety 

of reasons. The rise in individual investor participation in markets can be explained given a number of 

factors. These include individuals enjoying a significant growth in their personal wealth, the 

information revolution and improved access to timely information, increasing efficiency in terms of 

trading avenues (e.g. internet brokerage) and lower brokerage costs, participation in sharemarket floats 

(i.e. IPOs) and increasing opportunities to manage pension assets in self-managed accounts. Direct 

share ownership by individuals in Australia and elsewhere has been increasing over time.2

Our study examines the aggregate trade performance of all retail brokerage firms on the Australian 

Stock Exchange (ASX) in the 16-year period from 1990 to 2005. The ASX is the 14th largest stock 

exchange in the world (by market capitalization) and it is similar to the U.S. and other markets in that 

trading is predominantly undertaken by institutional investors.3 As such, this study represents one of 

the most comprehensive studies into individual investor trading performance in terms of sample length, 

market size and participant identification.  

Our contribution can be identified as follows. First, our use of all trades on the institutionally-

dominated ASX provides a more US-comparable study over Barber, Lee, Liu and Odean (2008) for the 

Taiwanese market, where individual investors dominate trading and prices are more noise-driven. 

Second, with the exception of Barber, Lee, Liu and Odean (2008), and Kaniel, Saar and Titman (2008), 
                                                 
1 ASX survey statistics show that the percentage of adult population in Australia holding direct equity investments increased 

from 12% in 1997 to 22% in 2006. The total participation of individuals (direct + indirect) has also increased from 34% in 

1997 to 46% in 2006. 

2 See SIFMA (2005) and ASX (2003, 2006). 

3 2007 statistics from the World Federation of Exchanges, see www.world-exchanges.org 
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the literature has used sub-samples of individual trades to conduct an analysis of individual investors 

trading behavior (e.g. Odean (1999), Barber and Odean (2000)) or such studies have examined smaller 

markets (e.g. Grinblatt and Keloharju (2000) for the Helsinki stock exchange). Third, while Barber, 

Odean and Zhu (2008) study the behavior of individual investors using Trade and Quotes (TAQ) and 

Institute for the Study of Security Markets (ISSM) transaction data, their study requires the inference of 

individual trades by trade size.  The shortcoming here is that this technique cannot be used post 2000 

with the introduction of decimalization, and the increasing use of algorithmic trading to break up 

institutional trades. Kaniel, Saar and Titman (2008) also study individual trading on NYSE stocks with 

an indicator for individual investor-identified trades, although as Barber, Odean and Zhu (2008) note, 

discount retail brokers rarely send orders to the NYSE. As we are able to identify all trades by the 

executing broker on the Australian Stock Exchange, we are able to alleviate issues of algorithmic 

trading when using trade size to identify retail investors. The identification of brokers allows for a finer 

classification of retail brokers into discount and non-discount (i.e. premium) retail brokers, as well as 

identifying institutional brokers. 

We provide attention to the trading performance of individual investors on the Australian Stock 

Exchange. While the literature has investigated the performance of institutional investors (i.e. with 

respect to mutual funds, hedge funds and pension funds for example), and the extent to which 

institutions are informed, individuals are assumed to have both informational disadvantages (relative to 

institutions) as well as psychological biases that lead to their investment experience being suboptimal. 

Studies on individual investors, such as Barber and Odean (2000) and Barber, Odean and Zhu (2008), 

find evidence that individual investors on average trade to their detriment. For example, Barber, Lee, 

Liu and Odean (2008) estimate in Taiwan that individuals lose 3.8 percent, while institutions gain 1.5 

percent (after brokerage and tax but before other costs). 

New evidence by Kaniel, Saar and Titman (2008) also suggests that individual investors are 

liquidity suppliers to institutions. Our study also provides an important extension to Jackson (2003) in 
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the Australian market, and Barber et al. (2008), who find that individual traders act in a systematic 

fashion and their activity exhibits short-term predictability. In addition, Jackson (2003) provides an 

important contribution with regard to the nature of brokerage services, documenting that premium 

service brokers used by individuals exhibit return predictability without reversal in the two weeks 

subsequent to trading. Jackson’s (2003) study also provides some analysis of whether aggregate 

individual investor trading exhibits return predictability, however that study does not attempt or aim to 

provide a robustness analysis of the question in Australia. 

We document losses before direct transaction costs (i.e. brokerage and stamp duty) of 

USD$120,000 (AUD$190,000) or 27 basis points per day from individual investors buying (selling) 

higher (lower) than the closing price on the day. The losses by individuals represent a direct gain to 

institutions. This loss on trading is robust to stock size, level of broker service, yearly cross-sections, 

order type, time of day, and risk-adjusting returns. Net of this cost, buy returns of individual investors 

are not statistically different to sells after one year. This suggests that individual investor before-

brokerage trade performance does not differ to that of institutions. In fact, we find that individual 

investors show positive and statistically risk-adjusted return performance from trade to up to 25 trading 

days. This finding is consistent with that of Jackson (2003), Barber, Odean and Zhu (2008), and Kaniel, 

Saar and Titman (2008), who find that individual investor trades exhibit short term return predictability 

within a month. 

Separating trades into discount and non-discount (i.e. premium) individual investor groups, 

however, reveals more on the extent of individual investor losses. Non-discount retail brokerage 

investor buys statistically outperform sells at intervals longer than one day. Meanwhile, discount retail 

brokerage investor buys statistically underperform sells across all trading windows up to one year, with 

a negative and statistically significant return of -1.85 percent from trade to one year. We find the gains 

generated by non-discount retail investors are driven predominantly by their aggressive trading. On the 

other hand, losses by discount investors are largely attributable to passive trades. This suggests that the 
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relative informativeness of individual investors, as proxied by their brokerage service level and trade 

type, is directly associated with each group’s level of trade performance, and is consistent with the 

Grossman and Stiglitz (1980) information equilibrium framework. This suggests that individual 

investors are penalized based on their lack of private information when trading. 

Our study differs to the literature in that we are able to identify trades by both broker and by trade 

type, thereby enabling us to more easily differentiate individual investor trades according to the level of 

brokerage service and trade aggressiveness. This distinction is important, as previous studies (e.g. 

Barber and Odean (2000)) only examine individual investors from a single discount brokerage firm, or 

otherwise aggregate all individual investors into one large group. 

This study is structured as follows. Section 2 provides a literature review on individual investors. 

Section 3 details the ASX trading environment, data and research design. Section 4 presents our results, 

and Section 5 concludes. 

2. Literature Review 

2.1. Individual Investors 

The majority of literature concerning individual investors investigates inherent behavioral biases in 

trading patterns. The examples include location bias (e.g. Grinblatt and Keloharju (2001), Zhu (2003), 

Ivkovic and Weisbenner (2005)), the disposition effect (e.g. Odean (1998), Brown, Chappel, Da Silva 

Rosa and Walter (2006)), overconfidence (e.g.  Barber and Odean (2001, (2002), focus on attention 

grabbing stocks (e.g. Barber and Odean (2008)), and seasonal trading (e.g. Ritter (1988), Lakonishok 

and Maberly (1990)). The findings of investors acting irrationally, and more importantly in a 

systematic fashion, suggest individuals as a group will be disadvantaged through counter party 

transactions with informed investors.  

Studies examining the performance of individual trades document that individuals underperform 

the market, or otherwise incur losses to institutional investors in an economically significant manner. 
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Barber, Lee, Liu and Odean (2008) find that Taiwanese individual investors have an annual 

performance penalty of 3.8 percent per year when trading against institutions. The authors attribute this 

result mainly to aggressive individual trades (defined as buy (sell) being limit orders placed higher 

(lower) than the previous market clearing price). Barber, Lee, Liu and Odean (2008) use data on all 

trades on the Taiwan stock exchange from 1995-1999. Similarly, Grinblatt and Keloharju (2000) 

examine all trades on the Helsinki stock exchange from 1995-1996 and find that households 

statistically underperform relative to sophisticated foreign institutional investors. 

In the U.S., Barber and Odean (2000) investigate the trades of individual traders of a large discount 

brokerage firm in the period 1991-1996, finding the average household underperforms the market by 

1.1 percent per year, or 3.7 percent per year after adjusting for stock characteristics. Using a different 

set of individual trading records from the same discount brokerage in the period 1987-1993, Odean 

(1999) shows that individual purchases underperform sell trades by 3.31 percent over a one-year 

horizon (before transaction costs). These results are robust to different trade windows and the Fama-

French three-factor model for risk-adjustment. 

Exceptions to the evidence of economically significant trading losses by individuals include 

Schlarbaum, Lewellen and Lease (1978a, (1978b), Jackson (2003) and Ivkovic and Weisbenner (2005). 

Of most relevance to our study is Jackson (2003), who finds full service retail brokers on the ASX 

exhibit a positive return predictive ability of 0.21 percent after one week. Internet retail brokers, 

however, do not show statistically significant returns. The time period examined by Jackson (2003) 

covers the period 1991-2003 for a large sample of ASX institutional and retail broker trades, and is the 

closest in comparability to the dataset we use. 

2.2. Australian Individual Investor Literature 

In Australia, there has been much research examining individual investors, particularly given the 

availability of trading records and holdings records from the ASX Clearing House and Electronic Sub-
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register System (CHESS). Furche and Johnstone (2006) study the trades of a set of retail brokers from 

July 1998 to June 2003, and find that individual investors tend to place sell quote orders further away 

from the best quoted price than is the case for buy quotes. Furche and Johnstone (2006) attribute this 

activity to a psychological endowment effect. Da Silva Rosa, Saverimuttu and Walter (2005) use 

changes in CHESS records from January 1996 to June 1999, and find no positive abnormal return after 

the release of substantial shareholder disclosure statements. Also using CHESS records, Henker and 

Henker (2007) for the period December 1995 to March 2002, and find that individual investors do not 

cause, nor do they contribute to, bubbles in stock prices on the ASX. They also document that 

individual investors are negative feedback traders, consistent with studies that include Grinblatt and 

Keloharju (2000) and Jackson (2003). 

3. Australian Stock Exchange Institutional Details, Data and Methodology 

3.1. ASX Trading Environment  

The ASX operates using the Stock Exchange Automated Trading System (SEATS), where stocks 

are traded using an electronic order-driven market. SEATS commenced operation for a limited range of 

ASX-listed stocks in 19 October 1987, and full operation of SEATS and the closure of the previous 

trading floor system occurred on 4 September 1990 (see Aitken, Brown and Walter (1996)). Bid and 

ask quotes placed into SEATS also disclose the broker ID of the participating broker.4 Market depth 

information can be observed in real time by any trader with access to a SEATS terminal. The market 

operates in a continuous call auction between the hours of 10:00 and 16:00.  

In addition to the removal of broker ID disclosure, the ASX has implemented several revisions to 

its trading rules throughout the sample period in the period 1990-2005. Since March 1994, the ASX 

opened the market in five tranches based on alphabetical groupings of stocks from 10:00 to 10:09 (see 

Comerton-Forde (1999)). Since 10 February 1997, the ASX operated a closing price call auction after 
                                                 
4 From 28 November 2005, the ASX removed the disclosure of broker IDs on the SEATS system. 
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the close of the continuous call auction at 16:00 (see Aitken, Comerton-Forde and Frino (2005), and 

Gallagher, Gardner and Swan (2008)). Since 18 March 2002, the closing price call auction algorithm 

was changed to reduce volatility experienced on the last day of the calendar quarter-end (see 

Comerton-Forde and Rydge (2006)). Capital gains tax is applicable throughout our sample period. 

Realized capital gains form part of overall taxable income, and only capital losses may be used to offset 

realized capital gains. Individual taxpayers are subject to a progressive tax system, with the highest 

marginal tax rate being at around 47 percent during our sample period. Companies are taxed at a fixed 

rate on income of about 30 percent during out sample period. Companies may be able to pay dividends 

with either full, partial or zero franking credits, which in the case of full or partial franking, helps to 

either avoid or scale back the effect of double taxation of dividends to Australian resident shareholders 

for tax purposes.5  

3.2. Data and Descriptive Statistics 

We obtain intraday trading data from the ASX SEATS system from the Securities Industry 

Research Centre of Asia-Pacific (SIRCA) for the period 19 February 1990 to 1 December 2005. This 

was the longest period approved by the ASX. This data captures all trades6 which take place on the 

ASX SEATS system, where all ASX trading occurs in during our sample period (with the exception of 

some stocks prior to September 1990 when SEATS was phased in from the old trading floor system). 

Each transaction in the dataset consists of the timestamp, ticker, price executed, bid and ask quotes at 

the time of each transaction, trade flags and buyer and seller broker identifiers (IDs). Trade flags 

                                                 
5 See, Fong, Kingsley Y., David R. Gallagher, Sarah Lau, and Peter L. Swan, 2008, Do Active Fund Managers Care about 

Capital Gains Tax Efficiency?, Pacific Basin Journal of Finance, forthcoming. for a more detailed explanation of the 

Australian tax system. 

6 Our intraday file is missing 4.32 percent of ticker/days from the SIRCA closing day price file or 0.81 percent of total 

turnover during the sample period. We do not believe this will alter the implications of the study.  
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indicate whether the trade was buyer or seller initiated an opening trade, technical crossing, an off-

market trade, or an odd-lot trade. We also source closing day prices from SIRCA. Dividends, 

capitalisation adjustments, monthly returns and month-end share market capitalisation data are sourced 

from the Australian School of Business’ Centre for Research in Finance Share Price and Price Relative 

Database (CRIF SPPR). Financial year-end book-value data is sourced from Aspect Financial.   

Table 1 reports total turnover and the number of trades per year, as well as the average trade value 

and average trade price of a transaction in each year from 1990 to 2005. Total turnover over this period 

has grown roughly 50 fold from AUD$17.44 billion in 1990 to AUD$889.61 billion in 2005. The total 

number of trades has also increased by a similar magnitude, and as such, the average trade value has 

been relatively stable, from AUD$34,800 in 1990 to AUD$38,300 in 2005.  

3.3. Broker Classifications 

Similar to Jackson (2003), we identify individual investors as those executing through brokerage 

firms which predominantly have retail clients. We classify brokers as either retail or institutional 

brokers. Retail brokers are sub-categorized as discount and non-discount brokers, with the first 

discount broker occurring in 1995.7 Discount brokers are identified as those that offer trading services 

and do not offer in-house research. To obtain broker classifications, we check broker websites, the 

ASX publication on member firms from 1901-20018, newspaper and magazine articles. 

Broker identifier to broker name mapping is provided from 2000 onwards via CHESS (Clearing 

House and Electronic Sub-register System) bulletins with the subject ‘Updated Listing of CHESS 
                                                 
7 The ASX Limited, 2006. 2006 Australian share ownership survey (Sydney, Australia). Share Ownership Study finds that 

of the individual investors surveyed with direct investments in shares, 54 percent use discount brokers (internet or 

telephone), 37 percent use full service brokers, five percent use a financial advisor or other type of broker and three percent 

do not have a broker. These findings suggest individual investors predominantly use retail discount and non-discount 

brokers for trading and not institutional brokers.    

8 (http://www.asx.com.au/about/pdf/HstoricalMemberFirms.pdf) 
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Participants’ from ASX Online (https://www.asxonline.com/).9 These bulletins are published three-to-

four times a year and provide a complete list of current brokers and their respective broker IDs at the 

time of publishing. Prior to 2000, we obtain broker ID/broker classifications from Kathryn Wong’s 

database. Aitken, Muthuswamy and Wong (2001) also use this database in identifying a broker’s trades 

subsequent to the same broker producing a stock recommendation. This data was obtained under 

confidentiality agreements with each broker. As such, we do not have the broker names prior to 2000. 

Trade pairs involving Broker IDs 0, 1, 65 and 70 are also removed as these appear to be unrecorded 

brokers.10 Also, we remove 3529 ticker/day pairings where the last on-market traded price on a day did 

not correspond with the closing price in the SIRCA closing day price file. Sixty-one percent of these 

occurred in 1990. 

As a robustness check of our classifications, we calculate the average trade size and average share 

price traded of each broker. Every year, we calculate the average price traded and average trade value 

and market share of each broker. Each broker’s yearly market share is calculated as the sum of total 

buy and sell trades over the total value of all buy and sell trades in a year. A broker is classified as a 

retail broker in a year if its average traded share price and average trade size is below the year’s 

average (as reported in Table 1), and is classified as an institutional broker vice versa. If ambiguity 

occurs (i.e. one measure is higher than the average, while the other measure is lower), we consider the 

broker’s past year’s classification, how far away the broker’s average trade size is to the yearly average 

and the broker’s yearly market share to determine its classification. From this analysis, we verify that 

our broker classifications are robust.  

Table 2 reports the yearly number and market share of brokers we classify as having been used by 

institutions or individual investor (retail brokers). Overall, there are 200 unique broker IDs during our 
                                                 
9 A complete list of the bulletins and website links are available on request. 

10 With the above exceptions, all broker IDs consist of only three digit codes. Broker ID 0 makes up about 4% of turnover in 

1990 and represents a negligible number of trades thereafter. Broker IDs 1, 65 and 70 each consist of only one trade.  
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sample period. The number of brokerage firms haven fallen from 104 in 1990 to 84 in 2005, which can 

be mainly attributed to consolidation over time, primarily in the non-discount retail brokerage industry. 

Institutions dominate trading on the ASX, with 83.72 percent of turnover represented by institutional 

brokers over the sample period 1990-2005. The dominance of institutions on the market landscape has 

been steady over time, despite institutional brokers comprising at most a third of the total number of 

brokers. From 1995, discount brokers have been slowly gaining market share with respect to turnover, 

from 0.02 percent of turnover in 1995 to 7.25 percent in 2005. Meanwhile, non-discount retail firms 

have lost a third of their market share during the same period, from 14.38 percent in 1995 to 10.02 

percent in 2005. 

As a further investigation into the trading characteristics of individual investors, Table 3 presents 

the turnover shares of non-discount, discount and all individual investors by stock size. Every month, 

the largest 300 stocks by month-end market capitalisation are placed into six size groups by their 

respective market capitalisation.11 Stocks outside the largest 300 are placed in a separate group while 

other stocks such as preference stocks not in the AGSM SPPR (e.g. preference shares) are placed in 

another. The turnover share of each investor group is then calculated. Not surprisingly, the share of all 

individual investor trading increases as stock size falls. This occurs even in the discount and non-

discount investor subcategory results in Panels A and B, and is consistent with past finding that 

individual investors tend to trade small stocks (e.g. Barber and Odean (2000)). For example, in Panel C 

for all individual investors, stocks ranked 201-250, 251-300 and outside the 300, account for 39.15, 

50.99 and 77.14 percent of trading in these size groups, respectively. Therefore, while institutions 

                                                 
11 The largest 300 stocks on the ASX are the most traded and represent about 90% of total market capitalisation. 
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dominate about 84 percent of overall trading, individual investors represent about half of all dollar 

trading volume in stocks ranked 200 and beyond (i.e. smaller capitalization stocks).12  

3.4. Dollar Profits and Returns of Buy and Sell Trades 

Following Barber, Lee, Liu and Odean (2008), we calculate dollar profits and returns based on the 

daily net buys and net sells of institutional and individual investor groups. We remove all trades that 

are off-market or a technical crossing.13 Every day, each stock is then categorized as a net buy or net 

sell in an investor group by whether the total number of shares bought less the total number of shares 

sold (net volume) is positive (net buy) or negative (net sell). The daily average trade price is calculated 

as the net value in trading over net volume. Accordingly, the dollar profit (loss) in a stock at the same 

day’s close is the net volume multiplied by the difference in the day’s closing price and average trade 

price of the investor group. Thus, the total daily profit (loss) of buys or sells in a group at the day’s 

close is calculated as:  

, , , , , ,

, , , , , ,

( _ _ ) ( _ _ )
, ( _ _ ) ( _ _ )

1

Profit i p t i t i p t i t

i p t i t i p t i t

n
qty bought closing price qty sold closing price

p t qty bought price bought qty sold price sold
i

× ×
× ×

=

= −∑                                       (1) 

Where qty_bought>qty_sold for buy profits and qty_bought<qty_sold for sell profits and i indexes 

for stock, p investor group and t for days. We calculate price_bought as the total gross buy value on the 

day by an investor for a stock divided by the total number of shares bought. An analogous measure is 

used for price_sold The buy or sell return at the day’s close is calculated as the dollar profit divided by 

                                                 
12 In unreported results, we also group trades by trade price and find a similar increase in individual turnover share in price 

groups with declining price. For example, 87.45% of trades of stocks with prices 20 cents or less are made by individual 

investors. 

13 Off-market and technical crossings account for 43.95 percent of all turnover, of which 5.09 percent turnover of these 

trades have a retail broker as a participant. 
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net volume, multiplied by the day’s closing price. To address issues of bid-ask bounce14 affecting day 

profit and return results, we calculate midpoint to midpoint-close profits by replacing price_bought and 

price_sold with the bid-ask spread midpoint prices at the time of each trade and the bid-ask spread 

midpoint at the close instead of the closing price. A similar calculation is made using the volume-

weighted average price (VWAP)15 instead of the closing price as the benchmark. 

We also calculate dollar profits at 1, 10, 25, 140 and 254-day windows. These profits are calculated 

by using net volume multiplied by the closing day’s price and multiplied by the stock’s 1, 10, 25, 140 

or 254-day cumulative daily return. The ‘buy minus sell’ profit or return on a day is calculated as the 

difference of the buy profit/return less the sell profit/return. 

3.5. Risk-adjusted Returns  

We use two methods to measure risk-adjusted returns: Characteristic selectivity (CS) returns using 

characteristic-based benchmarks following Pinnuck (2003) and the intercept of the four-factor Carhart 

                                                 
14 Porter, D. C., 1992, The probability of a trade at the ask: An examination of interday and intraday behavior, Journal of 

Financial and Quantitative Analysis 27, 209–227. and Aitken, M., A. Frino, P. Izan, A. Kua, and T. Walter, 1995, An 

Intraday Analysis of the Probability of Trading on the ASX at the Asking Price, Australian Journal of Management 20, 115-

154. show that transactions at the close tend to occur at the ask. As such there may be a negative bias in day profit and 

return calculations for seller initiated trades at the bid price using closing prices. Frino, A., E. Jarnecic, D. Johnstone, and A. 

Lepone, 2005, Bid–ask bounce and the measurement of price behavior around block trades on the Australian Stock 

Exchange, Pacific-Basin Finance Journal 13, 247-262. show that bid-ask bounce explains the positive abnormal return of 

ASX block trade sales from the mid to mid close.      

15 We calculate VWAP as the total on-market buy and sell trading value in a stock divided by the total number of shares 

bought and sold on a given day. 
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(1997) model.16 The daily characteristic selectivity return is the daily return of a stock less the daily 

return of benchmark of stocks with similar size, book-to-market and momentum characteristics.  

The use of a four-factor model follows Barber, Lee, Liu and Odean (2008). Daily returns of buys 

and sells in an investor group as calculated in Section 3.4 are compounded within a month to form 

monthly returns. This monthly time series of portfolio returns is then used in the four-factor model to 

calculate the abnormal return (or intercept in the factor model). 

  , , , , , , , , ,( )p t f t p t p t m t f t p t t p t t p t t p,tR R R R s SMB h HML w PR1YR +α β ε− = + − + + +                        (2) 

Where Rf,t monthly return of the 13-week treasury note from the CRIF SPPR. Rm,t is the return of 

the S&P/ASX 300 accumulation index17. SMBt is the return on the value-weighted portfolio of the 

smallest half of stocks by market capitalization on the ASX less the return on the value-weighted 

portfolio of the largest half of stocks. HMLt is the return on the value-weighted portfolio of the top 30 

percent of stocks with the highest book-to-market minus the return on the value-weighted portfolio of 

the bottom 30 percent of stocks with the lowest book-to-market. PR1YRt is the return on the equal-

weighted portfolio of the 30 percent of stocks with the highest prior 1-year return minus the return on 

the equal-weighted portfolio 30 percent of stocks with the lowest prior 1-year return. The portfolios are 

formed every December month end and held for one year.    

                                                 
16 While Fong, Kingsley Y., David R. Gallagher, and Adrian D. Lee, 2008, Benchmarking Benchmarks: Measuring 

Characteristic Selectivity Using Portfolio Holdings Data Accounting & Finance 48, 761-781. suggest the use of an index-

adjusted characteristic-based benchmark, our analysis of the entire ASX universe of stocks makes the Pinnuck (2003) 

benchmark more suitable. 

17 The All Ordinaries Accumulation Index is used prior to April 2000. 
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4. Results 

4.1. Dollar Profits and Returns of Buy minus Sell Trades of Individual Investors 

Table 4 reports the holding period dollar profits in Panel A and holding period returns of buy minus 

sell trades in Panel B for all individual investors. Table 4 Panel C and Panel D report the monthly risk-

adjusted returns using characteristic-selectivity returns and the Carhart 4-factor model respectively. As 

seen in Table 4 panel A, from trade to the day’s close, individual investor buy minus sell trades lose an 

average $190,000 per day, statistically significant at the 1 percent level. This is equivalent to about 

USD$120,000 per day.18 Expressed in percentage returns, the loss is -0.27 percent per day and also 

statistically significant. Individual investors however do not underperform trade to VWAP but in fact 

have a slight gain of AUD$20,000 per day by being able to buy (sell) lower (higher) than VWAP, 

although this is not statistically significant in buy minus sell returns.  

For longer holding periods, individual investor buys statistically outperform sells for 1 (0.07%), 10 

(0.45%) and 25 (0.44%) days. For 140 days and 254 days (or 1 year), profits and returns are not 

statistically significant, except for buy minus sell returns for 254 days being statistically significant at 

the ten percent level. While individual investor trades appear to show some predictability ability, the 

sheer size of the loss from mid to mid close of 0.29 percent appears to offset some of their positive 

return. In subsequent sections, we examine individual buy minus sell trade holding period returns from 

the traded price (rather than at the day’s close) in order to measure the size and statistical significance 

of the overall return. 

Table 4 Panel C and D results using risk-adjusted returns reaffirms the predictive ability of 

individual investor trades. The characteristic-selectivity returns in Panel C and Carhart four-factor 

                                                 
18 We convert buy minus sell trade daily profits at the prevailing AUD/USD exchange rate to get this estimate. If an 

exchange rate is missing for a day, we use the previous day’s rate. Daily exchange rates are obtained from the Reserve Bank 

of Australia’s website.  
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alphas in Panel D produce results which are in the same direction and statistical significant dollar profit 

and unadjusted return measurements in Table 4 Panel A and B. Both risk-adjusted return results are 

statistically significant for 1, 10 and 25 days, although are not statistically significant for the longer 

windows. The only exception is for characteristic-selectivity returns in Table 4 Panel A for 254 days 

being statistically significant of 0.05 percent per month. The magnitude of risk-adjusted returns tends to 

be falling monotonically from 1 day to 254 for both risk-adjustment measurements. This reaffirms the 

short-term forecast ability of individual investors in the previous sections and is consistent to findings 

of Jackson (2003), Barber, Odean and Zhu (2008) and Kaniel, Saar and Titman (2008) who find short-

term return predictability of individual investors. 

4.2. Individual Holding Period Returns by Yearly Cross-sections 

This section calculates overall individual investor buy minus sell trade returns from the day’s traded 

price rather than from the day’s closing price. We do this to test whether the positive and statistically 

significant returns found in the previous section disappear when the negative return from mid to mid 

close is incorporated. Table 5 reports individual investor buy minus sell trade holding period returns 

from mid to mid close, trade to VWAP and 1, 10, 15, 25, 140 and 254 days for yearly cross-sections 

and the entire sample period. The early cross-sections are used in order to observe the year-to-year 

consistency of returns. 

For trade to VWAP, we find individual investors underperform VWAP pre-1998 by at most nine 

basis points in 1992 and 1993. Post-1998, individual investors outperform VWAP by at most seven 

basis points in 2005. The positive and statistically significant returns occur across all years post-1998, 

except for 1998. However the VWAP results are misleading as we find that for mid to mid close, 

individual investors have negative and statistically significant returns every year. The exception is in 

1998 where the mid to mid close return is negative and statistically significant at the ten percent level. 
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Thus the ability of individual investors to outperform VWAP post 1998 does not reflect the economic 

reality that these trades still remain costly. 

For trade to one day, negative and statistically significant returns occur for the entire period and 

across calendar years, with the exception of 1991 and 1998. However, for trade to 10 days, returns are 

both positive and statistically significant at 0.18 percent for the entire sample period. For longer 

periods, the returns are not statistically significant. The reduction in negative and statistically 

significant holding period returns in the yearly cross-sections, as holding period increases, is also 

apparent for the overall sample results. This suggests that while individual investors do suffer 

statistically significant losses on the day of trade, this loss is gradually reduced over longer holding 

periods. 

Overall, the extent of losses incurred by individual investors in Australia are not as large compared 

to those documented in Taiwan by Barber, Lee, Liu and Odean (2008). While individuals in Taiwan 

suffer statistically significant and increasing losses across all trading horizons, we find quite the 

opposite. This is even so when we account for losses from trade to the day’s close, which Barber, Lee, 

Liu and Odean (2008) do not empirically consider. As such our findings warrant further investigation 

into different subgroup analysis.  

4.3. Discount and Non-discount Broker Retail Investors 

Empirical studies concerning individual investors prima facie present conflicting results. For 

example, Odean (1999) and Barber, Lee, Liu and Odean (2008) document losses by individual 

investors in the U.S., while Jackson (2003) and Kaniel, Saar and Titman (2008) finds individual 

investor flows predict returns after two to three weeks, with no sign of reversal. Jackson (2003) finds 

that his result is entirely driven by full-service brokerage investors, which may differ from an analysis 

that includes discount brokers. This suggests that individual investor losses may differ according to the 

service levels offered to the investor. To reconcile these findings, we use our finer categorization of 
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individual investors into discount and non-discount retail broker investors. Our finer analysis also 

begins from 1995, where discount brokers were first introduced into the Australian market. 

Table 6 reports our results for buy minus sell portfolios of discount and non-discount investors, 

with Panel A reporting unadjusted returns and Panel B reporting characteristic-selectivity returns. Our 

findings suggest that discount investors bear the majority of trading losses. Both discount and non-

discount investors earn negative and statistically significant returns from mid to mid close. Discount 

investors have returns of -0.53 percent, while non-discount investors have returns of -0.08 percent. 

Individual investors, on aggregate, exhibit a negative and statistically significant return of -0.32 

percent. 

Over longer trading windows, however, there is a greater disparity in the returns generated between 

discount and non-discount investors. Non-discount investor returns are monotonically increasing after 

the day’s close, and non-discount-type investors are able to offset their initial losses from mid to mid 

close. For example, trade to 254 days returns for non-discount investors is positive and statistically 

significant of 1.23 percent. Conversely, discount investors have monotonically negative and 

statistically significant returns, with trade to 254 days return of -1.39 percent being statistically 

significant.19  

Table 6 Panel B shows that the risk-adjusted returns confirm the unadjusted return results. Discount 

investors have negative and statistically significant risk-adjusted returns in trading windows of 140 

days or more. Combined with the unadjusted returns result, this suggests that discount investors earn 

poor returns from mid to mid close and also have poor stock selection ability. Conversely, non-discount 

investors earn positive and statistically significant characteristic-selectivity returns across all trading 

                                                 
19 We also investigate whether our results are driven by non-discount investors having privileged allocations in IPOs. 

Appendix 1 repeats the analysis by removing stocks in the first year since IPO and grouping by the largest 300 stocks by 

lagged month-end market capitalization or not. As can be seen, the results are consistent with  with non-discount 

investors earning positive and statistically significant returns for all trade windows greater than one day. 

Table 6
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windows and are also able to offset their initial loss from mid to mid close after holding for one day or 

more. 

4.4. Individual Investor Trading over the Course of a Day 

Admati and Pfleiderer (1988) show that liquidity traders are able to reduce their information 

asymmetry by trading during the same time as informed investors. As such, individual investor losses 

may also differ depending upon the time of day.  

Table 7 reports buy minus sell trade returns for each investor group at hourly time intervals and at 

the opening and closing auctions. Table 7 Panel B shows the average on-market daily distribution of 

turnover across the course of a day. Most trading is made in the first and final two hours of trading 

from 10am-12pm and 2pm-4pm. The opening and closing auctions only constitute about seven percent 

of trading volume on a day 

Conforming to the idea that the gains and losses are informationally driven, we show in Table 7 

Panel A that discount retail investors earned the largest negative returns across trading horizons when 

trading during the opening auction. Conversely, they earn statistically insignificant returns during the 

closing auction, reflecting the level of information asymmetry in the two auctions. Arguably, the 

opening auction is where the most information asymmetry occurs as overnight private and public 

information is being impounded into the price, and gradually falls over the course of the day (e.g. 

Madhavan, Richardson and Roomans (1997).   

As has been consistent throughout the paper, we find the mid-to-mid close return is negative and 

statistically significant for all time periods and all individual investor groups. The negative return is 

smallest at 3:00pm to 4:00pm of -0.13 percent, consistent with a reduction in information asymmetry as 

the day progresses. For trading windows one day or greater, all individual investors as a group only 

earn positive and statistically significant for trade to 10 days and trade to 25 days during the 3pm-4pm 

interval.  

 19

889



Separating into discount and non-discount investors we find consistent results to the previous 

sections. Discount investors earn negative and statically significant returns across all time periods and 

nearly trading windows, while the opposite occurs for non-discount investors. Our findings suggest that 

the time of day, and therefore the level of liquidity in the market, does not explain the contrasting 

returns of discount and non-discount investors, nor the negative mid-to-mid close incurred by all 

individual investors as a group.  

The opening auction results show the greatest dichotomy in returns between discount and non-

discount investors and further strengthens our argument that information asymmetry explains the return 

differences of discount and non-discount investors. Discount investors at the opening auction earn 

negative and statistically significant returns across all trading windows. In contrast, non-discount 

investors trading in the opening auction earn positive and statistically significant returns across all 

trading windows. Finally, in the closing auction we find non-discount investor returns are positive and 

statistically significant trading windows up to 25 days. Discount investors only show negative and 

statistically significant returns for trade to 140 days of -1.02 percent. This suggests that discount 

investors are able to mitigate some of their information asymmetry costs by trading at the close.  

4.5. Performance of Individual Investor Trades against other Investor Groups  

Our analysis of discount and non-discount broker groups has so far shown that the two group’s 

trade performance are in opposite directions. As Jackson (2003) suggests, non-discount investors may 

have positive return forecasting ability since they pay higher brokerage (than discount investors) in 

return for valuable private information. However, if non-discount investors hold valuable private 

information, then this suggests institutions, who may also possess valuable private information, also 

lose to non-discount investors. As such, we test the direct source of the gains and losses of the various 

investor groups, by grouping trades by investor group and the counter party and use our buy minus sell 
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portfolio methodology. We can thereby directly show how gains and losses are distributed amongst 

investor groups.  

Since we have three investor groups (discount, non-discount and institutional), this results in six 

pairings. We only report results for discount/institutional, non-discount/discount and non-

discount/institution pairings as the other three pairs are direct opposites. Table 8 reports our results for 

the three pairings and by whether the stock is one of the largest 300 stocks by lagged month-end market 

capitalization or not. The results show that discount investors lose to both non-discount and 

institutional investors while non-discount investor are most successful when trading against discount 

investors and short-term success against institutions.  

Discount investors generally lose across all holding periods although their losses are the worst for 

stocks outside the largest 300 and surprisingly, against institutions. For example, discount investors 

lose -10.28 percent (t-stat=-6.65) when trading against institutions in outside 300 stocks from midpoint 

trade to 254 days.  This compares with weakly statistically significant gains of 3.50 percent (t-

stat=1.84) when non-discount investors trade against discount investors in outside 300 stocks. In the 

largest 300 stocks, discount investors lose against institutions only on the day and are able to offset 

these losses at longer holding periods. Conversely non-discount investors in the largest 300 stocks have 

positive and statistically significant returns against discount investors across all holding periods. 

Non-discount investors trading against institutions gain within the month for all stock size groups, 

and earn negative and statistically significant returns for outside 300 stocks for holding periods longer 

than 140 days. For the same holding period in the largest 300 stocks, non-discount investor returns 

aginst institutions is statistically insignificant. Our findings for the largest 300 stocks of temporary 

gains are consistent with Kaniel, Saar and Titman (2008). The findings are even more intriguing as 

Barber, Odean and Zhu (2008) point out that the NYSE sample Kaniel, Saar and Titman consists 

mainly of institutions and non-discount investors since discount brokers tend to route orders to other 

markets. Our findings therefore suggest that the short-term liquidity premium earned is attributable to 
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non-discount investors while discount investors are able to break-even against institutions in the largest 

stocks. In outside 300 stocks however, institutions while giving up short-term gains to non-discount, in 

fact gain in the long-term against both discount and non-discount investors, suggesting institutions in 

fact have superior information in small stocks. In all, this shows that the main source of both the short 

and long-term gains of non-discount investors is from trading against discount investors and not from 

institutions.  

4.6. Multivariate Analysis of Individual Investor Trading Returns  

In this section, we take an alternative approach to the buy minus sell return portfolio methodology 

that we adopt throughout the study, and employ a Fama-Macbeth regression approach in analyzing 

individual investor trades. Specifically, we follow the methodology of Kaniel, Saar and Titman (2008) 

in using weekly investor group net flows in order to make our study internationally comparable. 

Studies on individual investors such as Barber, Odean and Zhu (2008) and Jackson (2003) also use 

weekly rather than daily intervals to analyse individual investor trades. As such, we estimate the 

coefficients using the following regression:  

, 1 1 , 2 , 3 ,i t i t i t i tReturn Intercept Return NITDecile TurnoverDecileβ β β+ = + + +                                             (3) 

Where i indexes for stock and t indexes for weeks. Return is the weekly return from Wednesday to 

Wednesday following Barber, Odean and Zhu (2008). If Wednesday is a holiday, then the next trading 

day is used to start or otherwise end the week. NITDecilei,t is calculated as the Net Individual Trading 

(NIT) decile rank for stock i compared to its weekly NIT in the past nine weeks. NIT is calculated as 

the net weekly dollar volume of buys and sells for a given investor group (discount, non-discount or all 

individual investors), divided by the past year’s average weekly dollar volume. A NITDecilei,t equaling 

10 means that the NIT in week t is the highest ranked compared to the past nine weeks, and vice verse 

when NITDecilei,t equals 1. An analogous measure is used for TurnoverDecilei,t as the decile rank for 
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weekly turnover in stock i compared to the past nine weeks. Weekly turnover is calculated as the 

number of shares traded in a week and is obtained from the SIRCA daily prices file. The regression is 

run cross-sectionally every week for each investor group and we calculate the time series average for 

each coefficient. The regression is also run separately for small stocks (market-cap rank of 201 or 

lower), mid-cap stocks (market-cap rank from 101 to 200) and large stocks (largest 100 stocks by 

market-cap rank). Returni,t and TurnoverDecilei,t are used as control variables for known weekly return 

reversal (e.g. Jegadeesh (1990)) and turnover (e.g. Gervais, Kaniel and Mingelgrin (2001)) effects in 

weekly stock returns. If an individual investor group has return predictability, than the coefficient for 

NITDecilei,t is positive and statistically significant.  

Table 10 reports our coefficient estimates for each individual investor group. Consistent with 

Kaniel, Saar and Titman (2008), we find that the coefficient for NITDecile is positive and statistically 

significant for all individual investors and for all size groups, with the exception for small stocks. Also 

consistent with our previous results, the coefficient estimates for discount and non-discount brokers 

display marked differences. 

For non-discount broker investors, NITDecile is statistically significant across all stocks and size 

groups. In contrast, for discount broker investors, the NITDecile is negative and statistically significant 

at the ten percent for all stocks, negative and statistically significant for small stocks, and not 

statistically significant for mid-cap and large stocks. While this appears to be in contrast our prior 

findings of negative returns of discount investors, our buy minus sell returns were estimated from the 

traded price rather than from the day’s close as used in the Fama-Macbeth regressions. This suggests 

that at weekly intervals, the negative returns incurred by individual investors are attributable to the 

negative return from mid to mid close rather than from poor stock selection ability.20  
                                                 
20 The discount investor characteristic selectivity returns in Table 7 Panel B confirm this conjecture. For close to 10 days, 

individual investors have statistically insignificant returns while from close to 25 days, the negative return of -0.22 percent 

is only statistically significant at the 10 percent level. 
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We also confirm that the return predictability of discount and non-discount investors statistically 

differ as shown in the ‘Non-discount minus Discount’ row. The coefficient difference of NITDecile of 

discount and non-discount investors is positive and statistically significant. This indicates that the 

return predictability of individual investors is attributable to non-discount broker investors and not to 

discount investor order flow. 

5. Conclusion 

Individual investors have long been classified as informationally disadvantaged relative to 

sophisticated and highly informed institutions. This study measures the extent of losses individual 

investors as a group face in trading against institutions on the ASX. The study differs to others in that it 

uses trades for participants within the entire market, and in a relatively large stock market dominated 

by institutional investors over a long sample period of 16 years. Our main finding is that individuals as 

a group on the ASX incur losses because they buy/sell at a price which is higher/lower than the day’s 

closing price. The loss is on average USD$120,000 (AUD$190,000) or -0.27 percent per day. This loss 

is found across yearly cross-sections, stock size groups, broker type and order type (with of course the 

exception of orders using the closing price algorithm). Excluding this intra-day cost, individual 

investors in fact have positive risk-adjusted returns for up to 25 days and over 140 and 254 days is not 

statistically significant. Over longer periods, the aggregate trading of individual investors is not 

statistically different to institutions.  

This short-term performance however masks individual investor performance when broken down 

into trades by discount and non-discount individual investors. Discount investors earn negative and 

statistically significant returns while non-discount investors earn positive and statistically significant or 

statistically insignificant returns across all trade windows greater than one day. The poor performance 

of discount investors may be attributable to their passive trades which earn negative and statistically 

significant results across all windows. On the other hand, aggressive non-discount investor trades earn 
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positive and statistically significant returns across all windows, with this result being stronger for 

discount individual investors. We also find that despite individuals being able to outperform VWAP on 

aggregate and using passive trades, this benchmark does not reflect the actual cost of trading to the 

individual investor.  

Our findings show that individual investor trade performance differs depending on their level of 

broker-service and order type and this directly relates to their level of informativeness. While 

individual investors all suffer negative intraday returns, non-discount retail broker investors are able to 

offset this cost through their positive stock picking ability. Discount investors are only able to offset 

this cost through aggressive trades or in the closing price auction, and only after 140 days. Therefore 

the relative informativeness of individual investors, as proxied by their brokerage service and trade 

type, is directly associated with each group’s level of trade performance. This suggests individual 

investor trades are directly penalized/rewarded based on their degree of private information.  
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Table 1 

Summary Statistics 
This table reports the total turnover (in billion Australian dollars, number of trades, average trade value of each trade and 
average trade price of trades on the ASX SEATS database by year. The sample period is from February 19 1990 to 
December 1 2005. 

Year Turnover ($Billions) No. Trades Avg. Trade Value Avg. Trade Price 
1990 17.44 501,645 34,800 2.19 
1991 53.46 1,360,623 39,300 2.29 
1992 55.86 1,536,881 36,300 2.27 
1993 88.76 2,589,379 34,300 2.04 
1994 117.89 2,855,140 41,300 2.54 
1995 120.46 2,848,280 42,300 2.73 
1996 169.16 4,270,024 39,600 2.52 
1997 212.45 5,402,597 39,300 2.87 
1998 245.74 6,193,595 39,700 3.63 
1999 307.99 9,702,871 31,700 2.99 
2000 389.96 13,778,666 28,300 2.55 
2001 487.03 12,910,757 37,700 3.82 
2002 552.24 13,626,306 40,500 3.76 
2003 582.22 15,780,093 36,900 2.74 
2004 755.97 18,627,024 40,600 2.84 
2005 889.61 23,253,139 38,300 3.52 
ALL 5,046.25 135,237,020 37,300 3.04 
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Table 2 
Institutional and Individual Broker Count and Market Share by Year 

Every year from 1990 to 2005, using broker IDs from the ASX SEATS database to represent each brokerage firm. Brokers 
are classified as institutional and individual investor brokers as defined in Section 3.3. The table reports the number of 
brokers and the market share of turnover for these four groupings by year. 

 Broker Count Market Share of Turnover (%) 

Year 
Non-
discount 
Retail 

Discount 
Retail Institutional All 

Retail 
All 

Brokers 

Non-
discount 
Retail 

Discount 
Retail Institutional All 

Retail 

1990 83 0 21 83 104 17.31 0.00 82.70 17.31 

1991 71 0 22 71 93 15.19 0.00 84.82 15.19 

1992 69 0 20 69 89 16.21 0.00 83.79 16.21 

1993 68 0 18 68 86 17.87 0.00 82.13 17.87 

1994 72 0 18 72 90 15.61 0.00 84.39 15.61 

1995 70 1 21 71 92 15.42 0.02 84.56 15.44 

1996 72 2 19 74 93 16.66 0.22 83.11 16.88 

1997 71 5 18 76 94 14.01 2.28 83.71 16.29 

1998 70 8 18 78 96 12.48 2.80 84.71 15.28 

1999 62 10 20 72 92 11.47 5.23 83.31 16.70 

2000 59 11 24 70 94 10.52 5.89 83.59 16.41 

2001 57 14 25 71 96 7.92 5.25 86.84 13.17 

2002 54 13 26 67 93 9.72 5.48 84.80 15.20 

2003 45 13 29 58 87 8.93 6.68 84.38 15.61 

2004 44 12 30 56 86 9.98 7.25 82.77 17.23 

2005 46 13 25 59 84 10.67 7.69 81.64 18.36 
1995-
2005 105 16 48 121 169 10.58 5.71 83.72 16.29 

1990-
2005 129 16 55 145 200 10.96 5.33 83.72 16.29 
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Table 3 
 Turnover Share of Individual Investors by Size group 

Every month, the largest 300 stocks by month-end market capitalization are ranked and placed into six groups. Stocks 
outside the largest 300 are placed in a separate group while preference shares and miscellaneous stocks such as preference 
stocks not in the AGSM SPPR are placed in another. The institutional and retail broker turnover share are calculated for 
each individual investor group (see Section 3.3. for individual investor definitions). Turnover is defined as the sum of buy 
and sell trades divided by two. The table reports turnover share as a percentage of total turnover in a size group, percentage 
of turnover in a size group over total turnover on the ASX and the Australian dollar turnover in a size group. Turnover 
shares for discount, non-discount retail broker individual investors and for all individuals (discount and non-discount) are 
reported in Panels A, B and C respectively. 
Panel A. Non-discount Investors 

Size Group Turnover Share in Size 
Group (%) 

Overall Turnover Share 
(%)  Turnover ($Billions) 

Unaccounted (e.g. Pref. shares) 5.53 0.17 8.34 
Outside 300 50.10 1.62 81.54 
251-300 33.96 0.35 17.59 
201-250 26.52 0.41 20.54 
151-200 22.09 0.60 30.07 
101-150 16.25 0.85 42.71 
51-100 11.07 1.42 71.86 
1-50 7.88 5.55 280.30 

ALL 10.96 10.96 552.96 
Panel B. Discount Investors 

Size Group Turnover Share in Size 
Group (%) 

Overall Turnover Share 
(%)  Turnover ($Billions) 

Unaccounted (e.g. Pref. shares) 1.94 0.06 2.92 
Outside 300 27.04 0.87 44.00 
251-300 17.03 0.17 8.82 
201-250 12.63 0.19 9.78 
151-200 10.66 0.29 14.51 
101-150 7.79 0.41 20.48 
51-100 5.21 0.67 33.81 
1-50 3.79 2.67 134.60 

All 5.33 5.33 268.92 
Panel C. All Individual Investors 

Size Group Turnover Share in Size 
Group (%) 

Overall Turnover Share 
(%)  Turnover ($Billions) 

Unaccounted (e.g. Pref. shares) 7.47 0.23 11.26 
Outside 300 77.14 2.49 125.54 
251-300 50.99 0.52 26.41 
201-250 39.15 0.60 30.32 
151-200 32.75 0.89 44.58 
101-150 24.04 1.26 63.19 
51-100 16.28 2.09 105.67 
1-50 11.67 8.22 414.90 

All 16.29 16.29 821.88 
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Table 4 
 Dollar Profit and Returns of Buys minus Sells Trades of Investor Groups 

Every trading day, from February 19 1990 to December 1 2005, all individual investor (investor using retail brokers as defined in Section 3.3.) buy and sell trades in 
each stock on the ASX are netted out and placed into two groups depending on whether the group’s position is a net buy or net sell. The average traded price of an 
investor group in a stock is calculated as the net trading value divided by the net trading volume in the stock. The dollar profit at the day’s close is calculated as the net 
volume multiplied by the difference of the closing day price less the closing price on the day. The buy – sell profit is calculated as the total profit in net buys less total 
profit in net sells on a day. The dollar profit for longer holding periods is calculated as the net buy or net sell trading value at the end of the day multiplied by the 
cumulative return for the given holding period. The table reports the holding period profit and returns of buy – sell trades of institutional and retail individual investor 
groups at the end of day’s closing price and after 1, 10 ,25, 140 and 254 days. Panel A reports holding period profits in million Australian dollars while Panel B reports 
holding period returns. Panel C reports characteristic-selectivity returns following Pinnuck (2003) and Panel D reports Carhart 4-factor alphas.  Newey-West t-statistics 
are in parenthesis. ***, **,* denotes statistical significance at the 1, 5 or 10 percent levels respectively.   
Panel A. Buys - Sells Holding Period Profit ($M) 

  Trade to 
VWAP Trade to close Mid to mid 

close   ∆T-M 1 day 10 days 25 days 140 days 254 days 

All Individual  0.02***  -0.19*** -0.19*** 0.00 0.03*** 0.22*** 0.25*** 0.26 0.49
 (5.37) (-18.28) (16.28) (-0.66) (3.08) (5.19) (3.05) (1.23) (1.50)

All Institutional  -0.02***  0.19*** 0.19*** 0.00 -0.03*** -0.22*** -0.25*** -0.26 -0.49
 (-5.37) (18.28) (16.28) (0.65) (-3.08) (-5.19) (-3.05) (-1.23) (-1.50)

Panel B. Buys – Sells Holding Period Returns (%)

  Trade to 
VWAP Trade to close Mid to mid 

close   ∆T-M 1 day 10 days 25 days 140 days 254 days 

All Individual 0.01  -0.27*** -0.31*** 0.04 0.07*** 0.45*** 0.44*** 0.34 0.65*
 (0.62) (-24.00) (-11.11) (1.44) (4.81) (7.13) (3.95) (1.31) (1.77)

All Institutional  -0.01  0.27*** 0.31*** -0.04 -0.07*** -0.45*** -0.44*** -0.34 -0.65*
 (-0.62) (24.00) (11.11) (-1.44) (-4.81) (-7.13) (-3.95) (-1.31) (-1.77)

Panel C. Characteristic Selectivity Returns (% per month)
   1 day 10 days da25 ys a140 d ys a254 d ys

All Individual   1.71*** 0.95*** 0.41*** 0.04 0.05**
   (6.95) (8.90) (5.43) (1.32) (2.32)

  
  

-1.71*** -0.95*** -0.41*** -0.04 -0.05**All Institutional 
(-6.95) (-8.90) (-5.43) (-1.32) (-2.32)

Panel D. Carhart Factors (% per month) 
   1 day 10 days da25 ys a140 d ys a254 d ys

All Individual   1.17*** 0.89*** 0.38*** 0.08 0.09
   (5.62) (6.07) (3.23) (0.76) (1.19)

All Institutional 
 

  -1.17*** -0.89*** -0.38*** -0.08 -0.09
  (-5.62) (-6.07) (-3.23) (-0.76) (-1.19)
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Table 5 
Individual Investor Buy minus Sell Trades Holding Period Returns by Year 

Every trading day, from February 19 1990 to December 1 2005, all individual investor (investors using retail brokers as 
defined in Section 3.3.) buy and sell trades in each stock on the ASX are netted out and placed into two groups depending 
on whether the group’s position is a net buy or net sell. The average traded price in a stock is calculated as the net trading 
value divided by the net trading volume in the stock. The table reports the trade value-weighted holding period returns of 
buy – sell trades of retail brokers at the end of day’s closing price and from trade to 1, 10 ,25, 140 and 254 days by year. 
Newey-West t-statistics are in parenthesis. ***, **,* denotes statistical significance at the 1, 5 or 10 percent levels 
respectively.   

Year Trade to 
VWAP 

Trade to 
close 

Mid to 
mid close   ∆T-M Mid to 1 

day 
Mid to 10 
days 

Mid to 25 
days 

Mid to 
140 days 

Mid to 
254 days 

1990  -0.04  -0.14***  -0.44 0.29 -0.46 -0.88 -1.27  -0.06 -1.95
 (-1.42) (-3.51) (-0.98) (0.65) (-0.96) (-1.44) (-1.54) (-0.04) (-1.11)

1991  -0.06***  -0.13***  -0.09 -0.03 0.07 0.61*** 0.44*  0.49 1.80
 (-4.37) (-2.99) (-0.85) (-0.30) (0.60) (3.02) (1.70) (0.65) (1.47)

1992  -0.09***  -0.19***  -0.60** 0.41* -0.55** -0.27 0.15  1.34* 1.26
 (-8.69) (-6.38) (-2.52) (1.87) (-2.30) (-0.89) (0.43) (1.78) (1.13)

1993  -0.09***  -0.18***  -0.07* -0.11*** 0.01 0.27 0.43  -0.4 -1.75**
 (-8.13) (-7.65) (-1.82) (-2.90) (0.2) (1.53) (1.41) (-0.62) (-1.98)

1994  -0.07***  -0.18***  -0.26*** 0.08** -0.20*** 0.26* 0.36  2.23*** 5.06***
 (-8.66) (-7.37) (-5.42) (2.19) (-3.08) (1.77) (1.46) (4.05) (8.19)

1995  -0.04***  -0.14***  -0.11 -0.03 -0.06 0.31* 0.38  0.61 1.02
 (-4.64) (-7.76) (-1.62) (-0.49) (-0.81) (1.83) (1.5) (1.26) (1.49)

1996  -0.06***  -0.18***  -0.21*** 0.03 -0.15** 0.19 0.27  0.83 2.03
 (-7.69) (-9.72) (-3.38) (0.49) (-2.04) (1.39) (1.19) (1.12) (1.57)

1997  -0.05***  -0.23***  -0.26*** 0.03 -0.20** 0.35* 0.23  -0.96 0.26
 (-2.76) (-10.21) (-3.58) (0.46) (-2.13) (1.84) (0.86) (-1.25) (0.24)

1998  0.10  -0.18*  -0.22*** 0.04 -0.16* 0.53** 1.00**  3.22*** 3.49***
 (0.98) (-1.82) (-3.24) (0.91) (-1.86) (2.18) (2.46) (3.74) (2.71)

1999  0.06***  -0.44***  -0.46*** 0.02** -0.42*** 0.06 -0.65  -2.04** 0.65
 (6.00) (-12.42) (-12.5) (2.08) (-4.46) (0.24) (-1.6) (-2.17) (0.62)

2000  0.06***  -0.57***  -0.62*** 0.04** -0.52*** -0.31 -0.82  -3.95** -5.65**
 (4.11) (-12.17) (-11.68) (2.56) (-3.85) (-0.62) (-0.92) (-2.27) (-2.29)

2001  0.06***  -0.46***  -0.48*** 0.02** -0.36*** 0.06 -0.10  -1.00 -1.15
 (3.70) (-14.25) (-14.25) (2.37) (-5.16) (0.2) (-0.22) (-1.37) (-1.12)

2002  0.11***  -0.37***  -0.35*** -0.01 -0.32*** 0.43** 0.48  -0.52 -1.09
 (9.35) (-14.78) (-12.81) (-1.44) (-5.24) (2.24) (1.32) (-0.67) (-1.30)

2003  0.08***  -0.32***  -0.27*** -0.04*** -0.18** 0.28 0.59*  0.07 0.62
 (6.19) (-13.97) (-11.94) (-3.04) (-2.23) (1.18) (1.86) (0.08) (0.46)

2004  0.03***  -0.32***  -0.31*** -0.01 -0.25*** 0.04 0.14  -0.18 -1.27
 (3.40) (-19.71) (-12.29) (-0.82) (-5.90) (0.34) (0.76) (-0.37) (-1.62)

2005  0.07***  -0.26***  -0.21*** -0.05*** -0.16*** -0.03 -0.07  0.67 0.85
 (6.77) (-13.37) (-8.83) (-4.61) (-3.92) (-0.29) (-0.36) (1.20) (0.88)

ALL  0.01  -0.27***  -0.31*** 0.04 -0.24*** 0.14** 0.13  0.02 0.31
 (0.62) (-24.00) (-11.11) (1.44) (-7.38) (1.99) (1.11) (0.08) (0.83)
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Table 6 
Holding Period Trade Performance of Buys minus Sells Trades of Various Investor Groups after 1995 

Every trading day, from January 1995 to December 1 2005, all trade are categorized by individual investor groups (discount and non-discount retail broker investors as 
defined in Section 3.3.) and buy and sell trades in each stock on the ASX are netted out and placed into two groups depending on whether the position is a net buy or net 
sell. The average traded price in a stock is calculated as the net trading value divided by the net trading volume in the stock. The table reports the trade value-weighted 
holding period returns of buy – sell trades of the various individual investor groups at the end of day’s closing price and from trade to 1, 10 ,25, 140 and 254 days. Panel 
A reports unadjusted returns and Panel B reports characteristic-selectivity returns. Newey-West t-statistics are in parenthesis. ***, **,* denotes statistical significance at 
the 1, 5 or 10 percent levels respectively.   
Panel A. Buys – Sells Holding Period Returns (%)

Broker Trade to 
VWAP 

Trade to 
day’s close 

Mid to mid 
close 

∆T-M Midpoint to 1 
day 

Midpoint to 
10 days 

Midpoint to 
25 days 

Midpoint to 
140 days 

Midpoint to 
254 days 

Non-discount  0.05***  -0.08*** -0.05*** -0.03** 0.11***  0.67*** 0.74*** 0.79*** 1.26***
 (6.90) (-8.36) (-3.51) (-2.49) (4.26) (9.22) (5.69) (2.95) (3.19)
Discount  -0.02**  -0.53*** -0.59*** 0.05*** -0.71***  -0.70*** -0.92*** -1.93*** -1.91***
 (-2.14) (-30.14) (-25.76) (4.93) (-21.94) (-7.30) (-5.90) (-5.26) (-3.58)
All Individual  0.04***  -0.32*** -0.32*** 0.00 -0.25***  0.17** 0.13 -0.30 -0.03
 (3.51) (-22.71) (-18.98) (0.27) (-9.94) (2.09) (0.9) (-0.91) (-0.06)
All Institutional  -0.04***  0.32*** 0.32*** 0.00 0.25***  -0.17** -0.13 0.30 0.03
 (-3.51) (22.71) (19.00) (-0.27) (9.95) (-2.09) (-0.90) (0.91) (0.06)
Panel B. Characteristic Selectivity Holding Period Returns (%)

Broker   

   
 

  Close to 1 day Close to 10 
days 

Close to 25 
days 

Close to 140 
days 

Close to 254 
days 

Non-discount
 

0.16***  0.69***0.63*** 0.53*** 0.98***
 (11.13) (11.44) (7.02) (2.93) (3.81)

Discount
 

   
 

-0.08***  -0.22*-0.04 -0.99*** -0.89***
 (-4.85) (-0.61) (-1.88) (-4.12) (-2.60)

All Individual 
 

  
 

0.09***  0.41***0.46*** -0.20 0.05
 (6.27) (7.57) (3.65) (-0.93) (0.17)

All Institutional   
  

-0.09***  -0.41***-0.46*** 0.20 -0.05
 (-6.27) (-7.57) (-3.65) (0.93) (-0.17)
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Table 7 
Holding Period Trade Performance of Investor Group Buy minus Sell Trades by Time of Day  

Every trading day, from January 1995 to December 1 2005, all trades are categorized by individual investor groups (discount and non-discount retail broker investors as 
defined in Section 3.3.). Trades are further categorized by the time of day that the trade was executed (10am-12pm, 12pm-2pm and 2pm-4pm).  Buy and sell trades in 
each stock on the ASX are netted out for each group and placed into two groups depending on whether the position is a net buy or net sell. The average traded price in a 
stock is calculated as the net trading value divided by the net trading volume in the stock. The table reports the trade value-weighted holding period returns of buy minus 
sell trades of the individual investor groups at the end of day’s closing price and from trade to 1, 10 ,25, 140 and 254 days. Panel A reports unadjusted returns and Panel 
B reports the average daily turnover share by investor group and time of day. Newey-West t-statistics are in parenthesis. ***, **,* denotes statistical significance at the 
1, 5 or 10 percent levels respectively.   

Time  Broker Trade to 
VWAP 

Trade to 
day’s close 

Mid to mid 
close ∆T-M Midpoint to 

1 day 
Midpoint to 

10 days 
Midpoint to 

25 days 
Midpoint to 
140 days 

Midpoint to 
254 days 

Non-discount    0.06* 0.06 0.06 -0.01 0.22*** 0.55*** 0.92*** 2.05*** 3.62***Opening 
Auction  (1.92) (1.15) (1.16) (-0.42) (2.98) (4.08) (3.89) (3.62) (4.47)
 Discount   
  

 -0.47*** -0.61*** -0.72*** 0.08*** -0.8*** -0.59*** -0.59** -0.91 -0.80
(-11.96) (-10.52) (-9.20) (2.83) (-6.96) (-2.96) (-2.11) (-1.33) (-0.82)

 All Individual 
 

 -0.29*** -0.39*** -0.44*** 0.05 -0.41*** -0.08 0.24 1.02* 2.26***
 (-9.25) (-9.07) (-7.65) (1.56) (-4.54) (-0.44) (0.95) (1.68) (2.61)
 All Instit.  0.29*** 0.39*** 0.44*** -0.05 0.41*** 0.08 -0.24 -1.02* -2.26***
  (9.28) (9.09) (7.66) (-1.55) (4.54) (0.44) (-0.95) (-1.68) (-2.61)

Non-discount    -0.03*** -0.07*** -0.04 -0.03 0.11*** 0.56*** 0.59*** 0.75*** 0.95**10am-11am 
 (-3.03) (-4.2) (-1.57) (-1.62) (3.42) (7.42) (5.02) (2.85) (2.42)

 Discount    -0.44*** -0.71*** -0.82*** 0.11*** -0.96*** -1.04*** -1.29*** -2.41*** -2.71***
  (-27.56) (-25.5) (-23.47) (6.84) (-20.82) (-9.8) (-8.16) (-6.05) (-4.91)
 All Individual  -0.26*** -0.44*** -0.47*** 0.03 -0.43*** -0.16* -0.23 -0.62* -0.69
  (-26.3) (-23.81) (-18.26) (1.56) (-12.39) (-1.71) (-1.53) (-1.84) (-1.45)
 All Instit.  0.26*** 0.44*** 0.47*** -0.03 0.43*** 0.15* 0.23 0.62* 0.69
  (26.29) (23.8) (18.25) (-1.56) (12.38) (1.70) (1.52) (1.84) (1.45)

Non-discount    -0.03*** -0.12*** -0.08*** -0.04*** 0.02 0.43*** 0.46*** 0.45** 0.87**11am-12pm 
 (-5.17) (-10.48) (-4.96) (-2.91) (0.73) (6.78) (4.46) (1.97) (2.55)

 Discount   -0.16*** -0.47*** -0.54*** 0.07* -0.65*** -0.64*** -0.81*** -1.56*** -1.89***
  (-20.38) (-25.29) (-11.65) (1.67) (-12.57) (-6.69) (-5.29) (-4.31) (-3.74)
 All Individual  -0.1*** -0.33*** -0.32*** -0.01 -0.29*** 0.03 -0.03 -0.45 -0.27
  (-21.23) (-24.32) (-18.35) (-0.95) (-10.92) (0.43) (-0.26) (-1.58) (-0.67)
 All Instit.  0.1*** 0.33*** 0.32*** 0.01 0.29*** -0.03 0.03 0.45 0.27
  (21.24) (24.32) (18.35) (0.95) (10.92) (-0.43) (0.26) (1.58) (0.67)

12pm-1pm Non-discount    0.00 -0.10*** -0.08** -0.02 0.06 0.51*** 0.55*** 0.54** 1.00***
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 (-0.34) (-5.21) (-2.43) (-0.64) (1.11) (5.96) (4.22) (2.27) (2.95)
 Discount    -0.07*** -0.41*** -0.40*** -0.01 -0.54*** -0.53*** -0.76*** -1.36*** -1.32***
  (-6.29) (-23.71) (-9.66) (-0.37) (-11.02) (-6.00) (-5.52) (-4.21) (-2.78)
 All Individual  -0.02 -0.28*** -0.27*** -0.02 -0.22*** 0.13 0.06 -0.27 -0.01
  (-1.40) (-12.25) (-8.23) (-0.56) (-4.42) (1.47) (0.45) (-0.97) (-0.02)
 All Instit.  0.02 0.28*** 0.27*** 0.02 0.22*** -0.13 -0.06 0.27 0.01
  (1.41) (12.25) (8.23) (0.56) (4.42) (-1.47) (-0.45) (0.97) (0.02)

1pm-2pm Non-discount    -0.01* -0.11*** -0.05** -0.06*** 0.05 0.48*** 0.57*** 0.56** 0.74**
  (-1.75) (-5.39) (-2.14) (-4.61) (1.62) (7.19) (5.18) (2.17) (2.02)
 Discount    -0.11*** -0.43*** -0.31*** -0.13*** -0.38*** -0.40*** -0.55*** -1.10*** -1.11**
  (-12.41) (-26.24) (-15.12) (-11.15) (-12.37) (-4.38) (-3.72) (-3.23) (-2.39)
 All Individual  -0.07*** -0.35*** -0.25*** -0.11*** -0.22*** 0.14* 0.12 -0.17 -0.05
  (-10.78) (-17.15) (-9.95) (-8.86) (-6.9) (1.78) (0.9) (-0.56) (-0.11)
 All Instit.  0.07*** 0.35*** 0.25*** 0.11*** 0.22*** -0.14* -0.12 0.17 0.05
  (10.80) (17.16) (9.95) (8.88) (6.89) (-1.78) (-0.9) (0.56) (0.11)

2pm-3pm Non-discount    0.05*** -0.09*** -0.06*** -0.02** 0.05** 0.49*** 0.54*** 0.62*** 1.21***
  (9.86) (-11.14) (-4.94) (-2.03) (2.41) (7.71) (5.09) (2.62) (3.59)
 Discount    0.16*** -0.31*** -0.36*** 0.05*** -0.42*** -0.34*** -0.42*** -1.26*** -1.28***
  (16.11) (-24.91) (-17.51) (3.44) (-13.07) (-3.61) (-2.95) (-3.47) (-2.81)
 All Individual  0.13*** -0.21*** -0.22*** 0.01 -0.16*** 0.22*** 0.21* 0.03 0.45
  (18.32) (-23.71) (-14.78) (0.69) (-7.34) (3.01) (1.65) (0.1) (1.12)
 All Instit.  -0.13*** 0.21*** 0.22*** -0.01 0.16*** -0.22*** -0.21* -0.03 -0.45
  (-18.32) (23.71) (14.78) (-0.69) (7.34) (-3.01) (-1.65) (-0.1) (-1.12)

3pm-4pm Non-discount    0.12*** -0.04*** -0.03** -0.02* 0.09*** 0.52*** 0.57*** 0.53** 0.96***
  (15.94) (-9.27) (-2.37) (-1.73) (4.59) (8.44) (5.17) (2.28) (2.83)
 Discount    0.42*** -0.18*** -0.28*** 0.10*** -0.34*** -0.36*** -0.59*** -1.27*** -1.32***
  (28.73) (-22.08) (-17.73) (6.95) (-12.25) (-4.43) (-4.21) (-3.87) (-2.86)
 All Individual  0.28*** -0.11*** -0.13*** 0.02** -0.07*** 0.28*** 0.24* -0.06 0.19
  (24.28) (-23.45) (-13.08) (2.14) (-3.60) (4.19) (1.92) (-0.25) (0.49)
 All Instit.  -0.28*** 0.11*** 0.13*** -0.02** 0.07*** -0.28*** -0.24* 0.06 -0.19

  (-24.28) (23.44) (13.08) (-2.14) (3.60) (-4.19) (-1.92) (0.25) (-0.49)
Non-discount    0.10*** 0.04*** -0.04*** 0.20*** 0.59*** 0.66*** 0.26 0.28Closing 

Auction  (8.22) (3.27) (-3.27) (7.62) (7.79) (5.26) (0.89) (0.7)
 Discount   

  

 0.72*** 0.09*** -0.09*** 0.22*** 0.19** -0.12 -1.02** -0.81

(35.86) (7.56) (-7.56) (6.12) (1.97) (-0.76) (-2.58) (-1.47)
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 All Individual 
 

 0.39*** 0.07*** -0.07*** 0.24*** 0.52*** 0.48*** -0.29 -0.38
 (27.86) (5.75) (-5.75) (9.27) (7.11) (3.91) (-0.98) (-0.92)
 All Instit.  -0.39*** -0.07*** 0.07*** -0.24*** -0.52*** -0.48*** 0.29 0.38
  (-28.11) (-5.75) (5.75) (-9.27) (-7.11) (-3.91) (0.98) (0.92)

 Panel B. Average Daily On-Market Turnover Share by Investor Group and Time of Day (%) 
  Discount Non-discount   Institutional All

Opening Auction 0.57    0.64 2.00 3.22
10am-12pm 3.93    6.16 26.04 36.12
12pm-2pm 1.92    2.72 9.67 14.31
2pm-4pm 3.42    5.79 32.77 41.98

Closing Auction 0.23    0.40 3.74 4.37
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Table 8  
Investor Group Trade Performance when Trading against other Investor Groups 

Every trading day, from January 1995 to December 1 2005, all trades are categorized by, investor groups (discount, non-discount or institutional as defined in Section 
3.3.). Trades are further categorized by whether the counter party (counter broker) of the trade was a discount, non-discount or institutional broker. Buy and sell trades in 
each stock on the ASX and in each group are netted out and placed into two groups depending on whether the position is a net buy or net sell. The average traded price 
in a stock is calculated as the net trading value divided by the net trading volume in the stock. The table reports the trade value-weighted holding period returns of buy – 
sell trades of the broker/counter broker to the end of day’s closing price, midpoint close and from midpoint trade to 1, 10 ,25, 140 and 254 days. Groups are further 
broken down into whether the stock is one of the top 300 largest by lagged month-end market capitalization or not. Newey-West t-statistics are in parenthesis. ***, **,* 
denotes statistical significance at the 1, 5 or 10 percent levels respectively.   
Stock 
Size Broker Counter 

Broker 
Trade to 
VWAP 

Trade to day’s 
close 

Mid to mid 
close ∆T-M Midpoint to 1 

day 
Midpoint to 10 
days 

Midpoint to 25 
days 

Midpoint to 
140 days 

Midpoint to 
254 days 

Discnt.
 

  Instit
 

 -0.04** -0.70*** -1.15*** 0.43*** -1.38*** -2.08*** -2.82*** -8.2*** -10.28***Outside 
300 (-2.10) (-20.63) (-8.05) (3.10) (-8.57) (-5.65) (-5.24) (-6.11) (-6.65)

 Non-disc. 
 

Discnt. 
 

 0.50*** 1.15*** 0.52** 0.63*** 1.24*** 2.36*** 3.03*** 5.44*** 3.50*
 (19.28) (25.36) (2.15) (2.73) (4.83) (7.28) (6.91) (4.82) (1.84)
 Non-disc. 

 
Instit. 
 

 0.13*** -0.07*** 0.04 -0.11** 0.31*** 0.68*** 0.67* -3.03*** -3.41**
 (11.09) (-2.71) (0.70) (-2.25) (3.74) (2.70) (1.67) (-2.9) (-2.1)

Discnt.
 

  Instit.
 

 0.06*** -0.40*** -0.45*** 0.05 -0.49*** 0.00 -0.14 -0.99* -1.28Largest 
300 (8.35) (-30.84) (-11.25) (1.28) (-9.77) (-0.01) (-0.60) (-1.78) (-1.60)

 Non-disc. 
 

Discnt. 
 

 0.03*** 0.40*** 0.33*** 0.07 0.66*** 1.46*** 1.83*** 3.27*** 4.29***
 (2.79) (19.88) (4.14) (0.92) (7.12) (8.43) (7.10) (6.25) (6.12)
 Non-disc. 

 
Instit. 
 

 0.00 -0.26*** -0.24*** -0.01* -0.09*** 0.69*** 0.72*** 0.59 0.99
 (-0.38) (-24.97) (-19.38) (-1.90) (-3.28) (6.08) (3.68) (1.37) (1.51)

Discnt.
 

    Instit.
 

 0.05*** -0.43*** -0.47*** 0.04* -0.52*** -0.16 -0.39 -1.38** -1.64**All 
Stocks (6.68) (-30.70) (-16.42) (1.74) (-12.36) (-1.12) (-1.64) (-2.45) (-2.08)

 Non-disc. 
 

Discnt. 
 

 0.20*** 0.67*** 0.64*** 0.03 1.11*** 2.08*** 2.49*** 4.38*** 4.16***
 (16.22) (25.94) (8.24) (0.39) (12.46) (13.08) (10.54) (8.31) (4.85)
 Non-disc. 

 
Instit. 
 

 0.01* -0.24*** -0.21*** -0.03** -0.04 0.66*** 0.67*** 0.29 0.84
 (1.84) (-22.21) (-11.41) (-2.09) (-1.34) (5.81) (3.26) (0.65) (1.32)
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Table 9  
Weekly Investor Group Flows Fama-Macbeth Regressions 

The table reports coefficient estimates running the following regression: 

, 1 1 , 2 , 3 ,i t i t i t i tReturn Intercept Return NITDecile TurnoverDecileβ β β+ = + + +  
Where i indexes for stock and t indexes for weeks. Returnt is the weekly return from Wednesday to Wednesday following 
Barber, Odean and Zhu (2008). If Wednesday is a holiday then the next trading day is used to start or end the week. 
NITDecile is calculated as the NIT decile rank for stock i compared to its weekly NIT in the past nine weeks. NIT is 
calculated as the net weekly dollar volume of buys and sells in an investor group, divided by the past year’s average weekly 
dollar volume. A NITDecile equaling 10 means that the NIT in week t is the highest ranked compared to the past nine 
weeks, and vice verse when NITDecile equals 1. An analogous measure is used for TurnoverDecile as the decile rank for 
weekly turnover in stock i compared to its past nine weeks. Weekly turnover is calculated as the number of shares traded. 
The regression is run cross-sectionally every week for each investor group and times series average coefficients are 
calculated. The regression is also run separately for small stocks (market-cap rank of 201 or lower on the ASX), mid-cap 
stocks (market-cap rank from 101 to 200) and large stocks (largest 100 stocks by market-cap rank).  Newey-West t-statistics 
are in parenthesis. ***, **,* denotes statistical significance at the 1, 5 or 10 percent levels respectively.   

Broker Coefficient All Stocks Small Stocks Mid-Cap Stocks Large Stocks 
Non-discount Intercept -0.0059*** -0.008*** -0.0021* -0.0011

  (-4.21) (-4.42) (-1.82) (-1.23)
 Returni,t -0.0284*** -0.0369*** -0.0066 -0.0105
  (-4.46) (-5.28) (-0.57) (-1.12)
 NITDecilei,t 0.0005*** 0.0006*** 0.0005*** 0.0005***
  (8.14) (5.49) (4.81) (6.32)
 TurnoverDecilei,t 0.0010*** 0.0013*** 0.0005*** 0.0003***
  (10.87) (10.89) (4.64) (3.82)

Discount Intercept -0.0028* -0.0046** 0.0000 0.0002
  (-1.72) (-1.98) (-0.03) (0.16)
 Returni,t -0.0157 -0.0362*** 0.0021 0.0011
  (-1.25) (-4.11) (0.13) (0.07)
 NITDecilei,t -0.0002* -0.0005*** 0.0001 0.0001
  (-1.76) (-2.97) (0.63) (1.42)
 TurnoverDecilei,t 0.0011*** 0.0016*** 0.0004** 0.0003***
  (7.92) (8.26) (2.07) (2.71)

All Individuals Intercept -0.0039*** -0.0050*** -0.0013 -0.0007
  (-2.80) (-2.90) (-1.13) (-0.79)
 Returni,t -0.0312*** -0.0400*** -0.0051 -0.0090
  (-4.94) (-5.82) (-0.45) (-1.02)
 NITDecilei,t 0.0002*** 0.0000 0.0003*** 0.0004***
  (2.62) (0.53) (3.23) (5.82)
 TurnoverDecilei,t 0.001*** 0.0012*** 0.0005*** 0.0003***
  (11.22) (11.02) (4.66) (3.79)

NITDecilei,t 0.0007*** 0.0012*** 0.0004** 0.0003***Non-discount 
minus Discount  (5.57) (5.68) (2.03) (2.76)
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Table 10 
Determinants of Intraday Profits 

Newey-West t-statistics are in parenthesis. ***, **,* denotes statistical significance at the 1, 5 or 10 percent levels 
respectively.   
Dependent Variable – Midpoint trade to Midpoint Close Dollar Profit at the Stock/Day Level 
Independent Variables Non-discount Discount Institutional 
Intercept 3547.33*** 7664.92*** -12963.68*** 

 (10.09) (21.89) (-19.04) 
MarketVol -1.88 -43.18** 49.40 

 (-0.06) (-2.03) (0.99) 
AbsAord52week 95.82 -1406.83*** 1575.58** 

 (0.23) (-4.15) (2.51) 
IPOdum -45.17 -497.10*** 491.55*** 

 (-0.40) (-8.17) (3.68) 
Laglogcap -152.97*** -298.30*** 515.68*** 

 (-12.23) (-22.59) (20.28) 
StockVol -49.25*** -77.31*** 183.60*** 

 (-6.63) (-9.76) (11.03) 
LagTurnover1week 7105.36*** -7904.44*** 758.60 

 (3.04) (-4.87) (0.30) 
AbsMom6weeks 3.85*** -5.66*** 1.52 

 (5.18) (-5.83) (1.50) 
AbsMom1year 0.33** -0.44*** 0.16 

 (2.26) (-2.96) (0.55) 
AbsStock52Week 0.98 -6.28*** 5.17*** 

 (1.34) (-7.87) (5.16) 
Adjusted R-Squared (%) 0.03 0.13 0.17 
F-Stat 71.04 231.29 256.14 
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Appendix 1 
Holding Period Trade Performance of Buys minus Sells Trades of Various Investor Groups after 1995 by Stock Size and Removing IPOs 

Every trading day, from January 1995 to December 1 2005, all trade are categorized by investor groups (discount retail, non-discount retail and institutional broker 
investors as defined in Section 3.3.) and buy and sell trades in each stock on the ASX are netted out and placed into two groups depending on whether the position is a 
net buy or net sell. Stocks are further catergorized by whether it is in the largest top 300 by lagged month-end market capitalization or not. We also remove the stock if it 
has been one year or less after the IPO. The average traded price in a stock is calculated as the net trading value divided by the net trading volume in the stock. The table 
reports the trade value-weighted holding period returns of buy – sell trades of the various individual investor groups at the end of day’s closing price and from trade to 1, 
10 ,25, 140 and 254 days. Newey-West t-statistics are in parenthesis. ***, **,* denotes statistical significance at the 1, 5 or 10 percent levels respectively.   
Stock 
Size Broker Trade to 

VWAP 
Trade to 
day’s close 

Mid to mid 
close ∆T-M Midpoint to 1 

day 
Midpoint to 

10 days 
Midpoint to 

25 days 
Midpoint to 
140 days 

Midpoint to 
254 days 

Non-disc.  0.51***  0.80***  1.1***  -0.30  1.51***  2.16***  2.41***  2.82***  2.74** Outside 
300  (4.52)         (6.79) (3.44) (-1.35) (4.62) (6.10) (6.04) (4.34) (2.05)

 Discount  -0.37***  -1.12***  -1.27***  0.15**  -1.72***  -2.45***  -3.02***  -6.15***  -5.28*** 
  (-6.52)         

         

         

(-16.75) (-13.22) (2.04) (-15.22) (-13.47) (-11.53) (-8.53) (-4.90)
 All Indivl.  0.27**  -0.14  0.13  -0.27  0.24  0.36  0.16  -2.38***  -2.53** 
  (2.23) (-1.14) (0.40) (-1.23) (0.72) (0.92) (0.35) (-2.82) (-2.06)
 All Instit.  -0.27**  0.13  -0.13  0.26  -0.24  -0.35  -0.15  2.39***  2.53** 
  (-2.27) (1.10) (-0.39) (1.20) (-0.72) (-0.92) (-0.35) (2.82) (2.06)

Non-disc.  0.01  -0.18***  -0.16***  -0.02*  -0.03  0.55***  0.61***  0.56**  0.74* Largest 
300  (0.94)         (-19.34) (-12.24) (-1.75) (-1.37) (7.60) (4.70) (2.17) (1.86)

 Discount  0.06***  -0.41***  -0.44***  0.03**  -0.49***  -0.33***  -0.46***  -1.32***  -2.05*** 
  (6.73)         

         

         

(-26.6) (-21.3) (2.40) (-16.55) (-3.52) (-3.03) (-3.88) (-4.20)
 All Indivl.  0.03***  -0.32***  -0.32***  0.00  -0.25***  0.26***  0.28**  -0.13  -0.31 
  (4.69) (-29.80) (-22.49) (0.19) (-10.69) (3.33) (1.97) (-0.43) (-0.67)
 All Instit.  -0.03***  0.32***  0.32***  0.00  0.25***  -0.26***  -0.28**  0.13  0.31 
  (-4.68) (29.80) (22.48) (-0.16) (10.69) (-3.33) (-1.97) (0.43) (0.67)

Non-disc.  0.06***  -0.07***  -0.02  -0.05*  0.14***  0.70***  0.76***  0.69***  0.96** All Stocks 
 (4.73)         (-5.05) (-0.61) (-1.94) (3.68) (8.87) (5.55) (2.69) (2.43)

 Discount  0.00  -0.51***  -0.54***  0.03*  -0.65***  -0.60***  -0.8***  -2.12***  -2.37*** 
  (-0.25)         

         

         

(-26.03) (-20.00) (1.93) (-18.68) (-6.37) (-5.30) (-6.05) (-4.51)
 All Indivl.  0.04***  -0.30***  -0.27***  -0.04  -0.19***  0.27***  0.25*  -0.35  -0.31 
  (3.75) (-20.46) (-7.35) (-1.46) (-4.68) (3.14) (1.70) (-1.15) (-0.70)
 All Instit.  -0.04***  0.3***  0.27***  0.04  0.19***  -0.27***  -0.25*  0.35  0.31 
  (-3.78) (20.43) (7.35) (1.45) (4.69) (-3.14) (-1.70) (1.15) (0.70)
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Abstract: This paper analyzes the adoption, diffusion and interaction patterns of the widely 

observed expansion of ATM and point-of-sale (POS) devices in the banking industry. POS (debit 

and credit) card transactions are considered as a main paradigm of a welfare-improving transition 

from cash to electronic-based payment instruments. This transition, however, is following a slow 

path in many developed countries which can be, at least partially, due to the over time 

overlapping of the objectives of banks in deploying ATMs (moving some front-desk activities 

away from branches) and POS devices (increasing the use of cards for purchase transactions). 

The results of various empirical tests in this paper suggest that the adoption and diffusion of 

ATMs and POS machines at banks is mostly driven by rival precedence, network effects and 

market power while demand factors do not seem to be significant. The growth of ATMs is found 

to negatively affect POS adoption which, in turn, suggests that the promotion of cards relative to 

cash is diminished by the co-existence and joint promotion of these two rival technologies. 

Additionally, we provide estimates of the effects of these technologies on the demand for 

currency. The results show that POS devices and higher POS transactions may reduce 

significantly the demand for currency and offset the negative effects that the deployment of ATMs 

and ATM use may have on the demand for currency. 
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1. INTRODUCTION 

Payment cards are considered as the main drivers of the shift from paper-based towards 

electronic-based payment instruments, which is commonly viewed as a significant socioeconomic 

and welfare improvement. Payments systems are going through a period of rapid change with 

paper-based instruments increasingly giving way to electronic forms of payment. A common 

feature in banking systems all over the world is the deployment, in parallel, of both automated 

teller machine (ATM) and point of sale (POS) devices. The coexistence of both trends may be 

diminishing the substitution rate of cash by electronic payments in developed countries1. 

However, the relationships and interactions between these two technologies remain largely 

unexplored. These relationships are not trivial and, most importantly, may pose different 

implications for the substitution of cash for electronic payments. On the one hand, banks typically 

expand ATM networks to allow cardholders to easily withdraw cash. At the same time, they also 

spread out their POS devices to offer cardholders a cashless method of payment at the point of 

sale.  

The aim of this paper is to analyze the adoption and interaction patterns of ATMs and 

POS devices at banks and their effect on the substitution of cash for cards and on the demand for 

currency. In order to achieve this goal, the empirical analysis incorporates a number of demand 

and supply factors that may influence these relationships, as well as the bilateral market structure 

of card (two-sided) markets. The paper is structured as follows: Section 2 analyzes the adoption 

and diffusion of ATMs and POS technologies. The empirical methodology is presented in Section 

3. The adoption process of ATMs and POS is estimated as a continuous hazard rate model while 

the diffusion process is estimated using Gompertz curves. The results of the adoption and 

diffusion processes are shown in section 4. Section 5 analyzes the effects of ATMs and POS 

                                                
1 According to the data of the Bank for International Settlements, the growth rate of the real value of transactions at 
POS in the ten member countries of the Committee for Payment and Settlement Systems (CPSS) was 24.6%. 
However, the real value of cash withdrawals at ATMs was growing at an annual rate of 18.0% in the same year.  The 
CPSS members are Belgium, Canada, France, Germany, Hong Kong, Italy, Japan, Netherlands, Singapore, 
Sweden, Switzerland, United Kingdom and United States. 
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diffusion on the demand for currency using a Baumol-Tobin model of the demand for currency. 

The paper ends with a brief summary of results and conclusions in Section 6. 

 

2. THE ADOPTION AND DIFFUSION OF ATM AND POS TECHNOLOGIES 

 The diffusion of technological innovations is a central issue in the literature of the 

economics of technical change. The seminal works of Griliches (1957) and Mansfield (1961) gave 

rise to numerous empirical studies that have analyzed the determinants of industry- and firm-

specific technology adoption and diffusion2. However, there are only few empirical studies 

examining the interaction of different technologies in the adoption and diffusion processes and, in 

particular, the adoption of competing and likely incompatible innovations in network industries 

(Katz and Shapiro, 1986; Church and Gandal, 1993; Colombo and Mosconi, 1995; and Miravete 

and Pernías, 2006).  

The adoption patterns of electronic payments delivery channels were first studied by 

Hannan and McDowell (1987) using a standard hazard rate (of failure-time) estimation procedure. 

They show that ATM innovation by rivals increases the conditional probability that a decision to 

adopt ATMs is made by a certain bank. The subsequent studies have largely identified ATM and 

payment cards diffusion as an epidemic trend mainly explained by rival precedence (Ausubel, 

1991; Humphrey et al., (2000; Snellman et al, 2000; and Rysman, 2007). However, the intensity 

of the adoption of the main driver of the substitutions of cash for electronic payment nowadays –

the POS machine- has not yet been specifically explored and its relationships with ATM adoption 

remain largely unknown. In many developed countries, consumers added debit cards to their 

wallets during the 1980s as devices to access cash at ATMs. At that time, banks aimed to move 

some front-desk customer services away from branches in order to increase efficiency and 

service. During 1990s banks also aimed to foster the use of cards at the point of sale for 

purchase transactions, installing POS card payment devices. However, the consumer adoption 
                                                
2 See Stoneman (2001) for a comprehensive survey of the main theoretical and empirical approaches. 
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and merchant acceptance patterns of cards have been relatively slow in many countries and the 

use of cards at the ATM and at the POS have somehow overlapped. Humphrey et al. (1996) 

estimated a system of demand equations for five payment instruments (check, electronic or paper 

giro, credit card, and debit card) for 14 countries between 1987 and 1993 and found that although 

POS terminals and ATMs were strongly positively related to debit card usage, all payment 

instruments except debit cards substitute for cash. This result suggests that the use of debit cards 

for ATM withdrawals and POS transactions may impose some restrictions on the substitution of 

cash for cards. Similarly, Amromin and Chakravorti (forthcoming) study changes in transactional 

demand for cash in 13 OECD countries from 1988 to 2003 and showing that ATM withdrawals 

decrease with greater debit card usage at the POS.  

In our analysis, we put together –for the first time to our knowledge- three different 

ingredients which are central to explore the adoption of ATM and POS technologies at banks. A 

first premise is to separate the influence of both demand-driven and technology-driven influences 

in order to infer how the adoption process evolves.  A second ingredient refers to the industry 

structure itself since card payments function as networks and, therefore, the value of a network 

increases with every new consumer who uses cards at the own ATM or POS terminals and any 

other bank that accepts them at their ATMs or POS terminals. These networks are generally 

organized as two-sided markets. In these markets, two (or more) parties interact on a "platform", 

and the interaction involves network externalities. In the two-sided card market, the value of a 

network increases with every new consumer who uses cards, every merchant that accepts them 

at their point of sale and any other bank that accepts them at their ATMs (Hannan et al., 2003). A 

third final ingredient is market power since a pattern of diffusion will not be appropriately defined 

unless the ability of the providers to set prices above the marginal costs of both delivery services 

(ATMs and POS) is controlled for. As a consequence, the two-sided structure requires 

considering prices at both sides (Rochet and Tirole, 2002 and 2003). Therefore, the prices should 
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consider all sources of card revenues including annual cardholders fees, merchants’ discount 

fees and interchange fees (paid by acquiring banks to issuing banks for the use of the issuers’ 

cards at ATM and POS devices) and to separate the fees that are specific of ATM transactions 

from those of POS transactions.  

 

3. THE ADOPTION AND DIFFUSION RATES OF ATMs AND POS TERMINALS: 
DETERMINANTS AND MAIN INTERACTIONS 
 
 3.1. A continuous hazard rate model for ATM and POS adoption 

 The first empirical step is the definition of a hazard rate model that distinguishes between 

demand-driven and technology-driven factors in the adoption of ATM and EFPOS distribution 

services. The relationship follows: 

β=i th t X '( ) exp( )     (1) 

where hi(t) is a continuous 'hazard rate' and denotes the conditional probability that bank i will 

adopt the innovation during t; tX
'  denotes a vector of explanatory variables relevant to period t 

adoptions; and β  represents a vector of coefficients. Because the hazard rate is continuous 

rather than discrete, it is not actually a probability because it can be greater than ‘1’. A more 

accurate description is that the continuous hazard rate is the unobserved rate (intensity of ATM or 

POS adoption in our case) at which events occur: 

1−

 
= − 

 
∫
t

i

t

h t h t dt( ) exp ( )     (2) 

Our dependent variable is defined the total value of ATMs (alternatively, POS) 

transactions divided by the sum of the total value of bank assets, ATM transactions and POS 

transactions. A first set of explanatory variables consists of demand parameters (ATM and POS 

transactions in t-1), proxies of rival precedence (rival’s ATM and POS adoption in t-1), parameters 

showing own and indirect network effects (“card growth x own ATMs”; “competitors’ ATMs x own 

card issuance”, “card growth x own POS terminals” and “competitors’ POS terminals x own card 
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issuance”). Similarly we report the results employing a mark-up indicator of market power, the 

Lerner index (the ratio “price-marginal costs/price”) applied to ATM and POS services. In our 

analysis we also studied another type of market power indicator, the market share of ATM and 

POS3. This involves the estimation of the marginal costs of ATMs and POS4. As for the 

computation of prices, the price of ATM and POS transactions comprises the total revenue for 

ATM and POS transactions divided by ATM and POS transaction value, respectively. Finally, the 

there is a set of control variables (growth of bank ATMs; growth of bank POS terminals; total bank 

assets; bank branches; bank average wage; regional GDP) and  a time trend. 

 

3.2. The diffusion processes of ATMs and POS: Gompertz curves 

Since the hazard rate model identifies ATM and POS services as diffusion (epidemic) 

process we use both logistic and Gompertz curves to consistently estimate the speed of ATMs 

diffusion and POS diffusion rates over time. The linearly-transformed logistic and Gompertz 

models for the probability of adoption (pt) follow, respectively: 

α β ε− = − + +t t tp L p tln[ /( )] ln     (3) 

α β ε− = − +t tp L tln[ ln/( / )] ln     (4) 

where L is the limit for the adoption measure, pt, and is assumed to be 100%5. In these linear 

models, the estimated β  proxies the speed of diffusion. Both curves are estimated using least 

squares with fixed effects.  

 

 

 

                                                
3 See footnote 8. 
4 Furthermore, the cost function employed needs to be sufficiently flexible to reflect the non-linear shape of the 
different marginal costs estimated. Following Pulley and Braunstein (1992), we employ the fairly flexible composite 
cost function to estimate the marginal costs of ATMs and POS. 
5 A principal difference in the two S-curve models from a forecasting standpoint is that the Gompertz model is 
asymmetric about its inflection point, whereas the logistic curve is symmetric. 
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3.3. Data 

The data corresponds to bank-level information from the all the Spanish savings banks 

on ATM and POS transactions and prices. The sample consists of all savings banks operating in 

Spain from 1997:1 to 2003:3, constituting 1,242 panel observations6. The Spanish case is 

representative, since Spain is one of the world's largest ATM and POS industries7. All variables 

employed in the empirical models are described in the Appendix along with the corresponding 

sources of data. 

 

4. RESULTS  

4.1. Results of the continuous hazard rate model 

The hazard rate model is estimated using a maximum likelihood routine with fixed effects 

and the results are shown in Table 1. Overall, it is shown that adoption is mainly driven by rival 

precedence (positively), network effects (positively) and market power (negatively for ATMs and 

positively for POS), while the influence of demand-driven factors is neglected. The case of market 

power is particularly interesting since it suggests that increasing prices in the ATM side (thereby 

increase cardholders’ ATM and/or) annual fees have a negative impact on ATM adoption while 

increasing the fees charged on merchants in the POS side does not seem to reduce (but to 

augment) the adoption of these devices since cardholders do not pay for their use and most of 

the costs is assumed by merchants8. The results also suggest that while the growth of ATM 

devices seems to negatively affect the speed of diffusion of POS devices, this relationship does 

not seem to work the other way round.  

 

                                                
6 These savings banks belong to two of the three competing networks in Spain (Servired and Euro6000) and are 
involved in approximately 60% of total card payment transactions. 
7 According to the figures contained in the Blue Book on Payment and Securities Settlement Systems (European 
Central Bank) and the Red Book on Payment and Settlement Systems (Bank for International Settlements) in 2004 
there were 55,399 ATMs and 1,055,103 POS machines in Spain. Only the United States showed a higher absolute 
number of ATMs and POS terminals that year. 
8 The bank market share of ATMs and POS was also introduced as a measure of competition in card markets. The 
results were not statistically significant.  
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 4.2. The diffusion curves: main results and interactions 

The diffusion curves of ATMs and POS terminals are explored in Table 2. By 

extrapolating the α  and β  estimates in Table 2, the forecast for the full adoption of ATMs is the 

first quarter of 2008 while POS transactions are expected to reach maturity around the second 

quarter of 2012. These results seem to be consistent even when the diffusion variable was 

interacted with four dummies distinguishing the over the median and below the median 

observations of rival precedence, own network effects, indirect network effects and market power. 

Interestingly, the speed of diffusion seems to increase when these factors are accounted for 

excepting own network effects. The above conclusions are robust to estimation biases according 

to the values of the bootstrapped confidence intervals (Corradi and Swanson, 2005).  

 The final empirical step involves an estimation of the determinants of the diffusion 

parameters in order to evaluate how banks are dealing with the diffusion of ATMs and POS. The 

cross-section estimations are shown in Table 3. The results are in line with the view that diffusion 

paths are mainly industry-driven with rival precedence and network effects playing a major role. 

Again, while market power seems to reduce the speed of adoption of ATMs, its effect on POS 

diffusion is positive. These differences can be due to the fact that consumers are not directly 

suffering (typically merchants are) the costs of making (mostly) free POS transactions while they 

are charged for several ATM transactions.    

 

5. ATMS AND POS DIFFUSION AND THE DEMAND FOR CURRENCY 

 Previous studies have analyzed the impact of currency holdings for monetary control 

purposes and, in particular, the distortions related to the efficient management of cash balances 

for consumers’ transaction purposes when a (nominal) interest-bearing asset is available , using 

a Baumol-Tobin model of the demand for currency9 (e.g. Avery et al., 1986; Mulligan, 1997; 

                                                
9 See Baumol (1952) and Tobin (1956). 
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Mulligan and Sala-i-Martin, 2000). Attanasio et al (2002) have even considered the adoption of 

new transaction technologies on the demand for currency and, in particular the effects of ATM 

transactions. In these models, the demand for deposits -in terms of both amounts held and 

interest rates paid- represents the natural interest bearing asset to be considered alternative to 

currency. The general econometric specification of the demand for currency in the Baumol-Tobin 

framework is: 

In (m) = α - βt + χ(t2)+ δ ln(R)+ γIn(c) +ε   (5) 

where m is the demand for currency, t is a time trend, R are the deposit interest rates and c is the 

consumption in nondurable goods. In these models, the effects of new technologies is based on 

comparisons between users and non-users of the technology or simply introduced as a control 

variable. Some studies have used aggregated data (Avery et al., 1986) to estimate the demand 

for currency while some other used survey household or firm-level information (Mulligan, 1997). 

One of the main lines of inquiry in this context is the analysis of the elasticity of the demand for 

currency to nominal interest rates. As noted by Attanasio et al. (2002) interest rates on deposits 

and the demand for currency overall display a remarkable degree of regional variation that can be 

exploited to estimate the relevant elasticity of currency.  

To our knowledge, these studies have considered neither the effects of POS transactions 

nor the interaction between ATM and POS transactions in the demand for currency10. In order to 

achieve this goal, our dataset is transformed into a regional dataset. In particular, in a first step, 

the demand for currency, deposit interest rates and nondurable consumption in equation (5) are 

computed as weighted averages of the different banks in that region using the distribution of 

assets as a weighting factor. In a second stage, these variables are re-computed at the consumer 

                                                
10 We assume that cash is the main alternative to cards while the role of checks is neglected. According to the Blue 
Book of Payments of the European Central Bank only 4.4% of total retail payment transactions in Spain were made 
by checks in 2003, and mainly for real state purchases.  
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level as ratios of the number of depositors of the banks operating in these territories11. Since we 

only have information on consumers holding deposits accounts at each bank, our estimations of 

the demand for currency are restricted to depositors while non-depositors are not considered12. 

Additionally, when averaging the variables we consider that, on average, all depositors make 

ATM and POS transactions. The variables are computed on an annual basis for the 17 

administrative regions in Spain which yields 119 panel observations.  

The demand for currency is computed in each region as the sum of three consumer-level 

variables: demand deposits, ATM withdrawals and one half of the consumption divided by the 

average number of deposit withdrawals13. The sum of demand deposits proxies the minimum 

amount of currency for cash withdrawals while cash withdrawals are represented by the 

consumption ratio and ATM withdrawals.14 The mean and over time evolution of the different 

variables is shown in Table 4. All variables shown in Table 4 are annual averages excepting 

(demand for) currency which reflects the average currency holdings per person. All the monetary 

variables are deflated using the regional consumer price index. Overall, the main trends show a 

decrease in currency holdings. Table 4 shows that currency holdings (761 euros in 2003) are 

similar to international standards (Humphrey et al., 1996; Carbó et al., 2003) and it decreases 

over time. Deposit interest rates also decrease while consumption increases during the sample 

period.  

The main estimations of equation (5) are shown in Table 5. The logarithm of ATMs, POS 

devices, bank branches and regional GDP are included as control variables. The number of ATM 
                                                
11 Consumer-level variables are computed from savings bank data only. This may be a limitation that overstates the 
results of the demand for currency since savings banks’ depositors are likely to make higher withdrawals than 
commercial banks’ depositors. However, the regional variability in the demand for currency is likely to be better 
captured from savings banks data since most of savings bank information can be clearly identified at the regional 
level while most commercial banks operate nationwide and it is difficult to identify the source of regional variation 
from commercial banks data. 
12 According to the Eurobarometer published by the European Commission in 2004, 10% of Spanish households do 
not have a deposit account. 
13 This is an assumption in this type of studies, following the standard inventory model of cash management in which 
the determination of the optimal level of cash holdings involves a trade-off between the cost of a cash shortage and 
the cost of holding non-interest bearing cash. 
14 Data on consumption is obtained from the Spanish Statistical Office while the average number of deposit 
withdrawals is obtained from savings banks information. 
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and POS transactions and devices are also included in a second specification to identify the 

simultaneous effects of these technologies on the demand for currency. Additionally, a third 

specification controls for the intensity of cash (or alternative, cards) usage across sectors.  

The equations are estimated using a random effects panel data routine, where the 

regional unobservable effects are considered to be part a composite error term and are not 

necessarily fixed over time. The Hausman test of random vs. fixed effects specification suggests 

employing a random effects procedure. Additionally, the structure of equation (5) requires an 

intercept which the random effects model offers while the fixed effects model suppresses. In the 

first specification (column I), the elasticity of currency to deposit interest rates (-.483) and 

consumption (.257) are significant and their values are in line with the theoretical and empirical 

results of previous studies based on inventory models of cash management. Importantly, the 

deployment of ATM devices seems to increase the use of currency, although the estimated 

elasticity is significantly lower compared to the negative elasticity of the deployment of POS 

devices (-.425). The opening of bank branches also affects the demand for currency positively 

and significantly (0.359). The average number of ATM and POS transactions is included in a 

second specification in Table 5 (column II). The elasticity of interest rates (-.222) and the elasticity 

of consumption (.207), decrease in absolute terms. Importantly, average ATM transactions affect 

positively and significantly the demand for currency (.129) while POS transactions exhibit a 

negative and significant effect (-.336) that almost triple that of ATM transactions. However, the 

results suggest that as long as banks continue to deploy ATMs and POS terminals, the 

substitution rate of cash by cards will be diminished. 

 Finally, a third specification is employed to control for the intensity of the use of cards and 

cash across merchant sectors. As noted, inter alia, by Whitesell (1992) and Amromin and 

Chakravorti (2008), the choice of a payment instrument for consumption purposes (and, hence, 

the demand for currency) is highly dependent on merchant’s acceptance. In particular, the effects 
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of card payments on the demand for cash for purchases in certain merchant sectors may per se 

be invariably conditional on merchant’s acceptance (related, for example, to idiosyncratic reasons 

and the size of payments) in that sector. In order to analyze these effects, the variables showing 

average ATM and POS transactions are redefined. In particular, the “the average POS 

transactions” variable for a certain region is computed as a weighted average of the POS 

transactions, using the relative weight of sectors with a high card usage as a weighting factor.  

Similarly, average ATM transactions are computed using the reciprocal of the same weighting 

factor in order to show the likelihood of cash usage in sectors where cash is expected, per se, to 

show a higher usage.15 The sectors where cards are found to be used to a significant larger 

extent than cash16 are hotels, restaurants & travel agencies; department stores and boutiques; 

and entertainment. The results when these variables are applied are shown in the third column of 

Table 5. The positive and significant effect of ATM transactions on the demand for currency 

seems to be higher when the composition of the non-durable consumption expenditure across 

merchant sectors is considered (.286). Similarly, the negative and significant effect of average 

POS transactions -corrected for the relative weight of sectors with a high card usage- is also 

found to augment in absolute terms (-.599). These results suggest that the margin to reduce the 

demand for currency is limited in certain sectors where the use of cash is expected to be higher. 

Similarly, POS transactions may help reduce the demand for currency to a larger extent in those 

sectors where the average transaction size or the characteristics of the sector themselves make 

card payments more willing to occur. This may also explain why many card issuers are trying to 

develop specific card products for small value payments (e.g. store-value-cards or pay-as-you-go 

cards).    

  

                                                
15 The sector information is obtained from the regional consumption expenditure database of the Spanish Statistical 

Office 
16 According to a supplementary database also provided by the Spanish Savings Banks Confederation the use of 

cards in these sectors is above 65% while the median value of all sectors is 39% (not shown, available upon 
request). 
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6. CONCLUSIONS  

The empirical results of this study show that the diffusion of ATMs and POS is found to 

be mostly driven by supply factors. Additionally, the growth of ATM transactions is found to 

negatively interfere with POS diffusion. This behavior seems to be a kind of “horse race” where 

banks have been typically deploying ATMs to move certain front-desk customer services away 

from branches although this may also have fostered cash use, thereby negatively affecting the 

use of cards at the merchants’ point of sale. Our results suggest that this behavior is also 

connected with two different pricing structures for ATM and POS in which increasing market 

power in the POS side does not reduce (but augment) the diffusion of these technologies while 

the opposite seems to occur in the case of ATMs. All in all, the combination of these effects 

suggests that banks are mainly focusing on the mix of both technologies that generates more 

rents even if both technologies may interfere each other thereby complicating the transition from 

cash to card payments. The results also show that the deployment of POS devices and higher 

POS transactions may reduce the use of currency and offset the positive effects that ATMs and 

ATM transactions may have on the demand for currency.             
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APPENDIX. VARIABLE DEFINITION AND DATA SOURCES 

 
VARIABLES FOR THE ESTIMATION OF THE BANK-LEVEL DIFFUSION AND ADOPTION PATTERNS 

 Variable definition 

Dependent variables  

ATM adoption The total value of ATMs transactions divided by the sum of the total 
value of bank assets, ATM transactions and POS transactions. 

POS adoption The total value of POS transactions divided by the sum of the total 
value of bank assets, ATM transactions and POS transactions. 

Demand 

Log(ATM transactionst-1) Demand for ATM transactions at the beginning of the period 

Log(POS transactionst-1) Demand for POS transactions at the beginning of the period 

Rival precedence 

Log(rival’s ATM adoptiont-1) Rivals’ precedence in the ATM market 

Log(rival’s POS terminal adoptiont-1) Rivals’ precedence in the POS market 

Network effects 

Log [(card growth) x (own ATMs)] Direct ATM network effects 

Log[(competitors’ ATMs) x (own card issuance)] Indirect ATM network effects 

Log [(card growth) x (own POS terminals)] Direct POS network effects 

Log[(competitors’ POS terminals) x (own card 
issuance)] 

Indirect POS network effects 

Competition 

Lerner index ATM transactions The difference between price and marginal cost of ATM transactions 
divided by the price. 

Lerner index POS transactions The difference between price and marginal cost of POS transactions 
divided by the price. 

Control factors 

Log(growth of bank ATMs) Average growth of ATMs in the market. 

Log( growth of bank POS terminals) Average growth of POS terminals in the market. 

Log(total bank assets) Bank’s balance sheet growth 

Log(bank branches) Branching network growth 

Log(bank average wage) Average employment costs 

Log(regional GDP) Regional GDP in constant terms 

 

VARIABLES FOR THE CROSS-REGIONAL ANALYSIS OF THE DEMAND FOR CURRENCY 
 Variable definition 

Dependent variable  

Demand for currency Computed in each region as the sum of three consumer-level 
variables: demand deposits, ATM withdrawals and one half of the 

consumption divided by the average number of deposit withdrawals 

Depositor level  

Deposits interest rates (R) Computed as the average ratio of interest expenses to total 
customers’ deposits of banks operating in the region. 

Non-durable consumption (c) Regional consumption in nondurable goods 

Average ATM transactions Average number of ATM transactions in the region 

Average POS transactions Average number of POS transactions in the region 

Regional level controls 

Log(ATMs) Log of total ATMs in a given region. 

Log(POS) Log of total POS terminals in a given region. 

Log(bank branches) Log of total bank branches in a given region 

Log(regional GDP) Log of regional GDP in constant terms. 

 
DATA SOURCES: All bank variables were obtained from reports provided by the Spanish Savings Banks Confederation. 
GDP and non-durable consumption were obtained from the Spanish Statistical Office. 
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TABLE 1. DETERMINANTS OF THE CONDITIONAL  
PROBABILITY OF ATM AND POS ADOPTION (HAZARD MODEL) 

ML estimation. Standard errors in parentheses (1,242 observations) 
 ATM adoption POS adoption 

Constant -.0567 
(.05) 

-.0478 
(.02) 

Demand 

Log(ATM transactionst-1) - .0228 
(.02) 

Log(POS transactionst-1) .04671 
(.01) 

- 

Rival precedence 

Log(rival’s ATM adoptiont-1) .4616*** 
(.12) 

- 

Log(rival’s POS terminal adoptiont-1) - .4850*** 
(.13) 

Network effects 

Log [(card growth) x (own ATMs)] .0514*** 
(0.01) 

-.2504*** 
(0.02) 

Log[(competitors’ ATMs) x (own card issuance)] .0015*** 
(.01) 

.0081*** 
(.01) 

Log [(card growth) x (own POS terminals)] -.0188*** 
(.04) 

.3429*** 
(.02) 

Log[(competitors’ POS terminals) x (own card 
issuance)] 

-.0071*** 
(.01) 

-.0011*** 
(.01) 

Competition 

Lerner index ATM transactions -.8291** 
(.27) 

- 

Lerner index POS transactions - .9167** 
 (.25) 

Control factors 

Log(growth of bank ATMs) - -.0441*** 
(.02) 

Log( growth of bank POS terminals) .3874 
(0.08) 

- 

Log(total bank assets) -.2395*** 
(.06) 

-.1948* 
(.10) 

Log(bank branches) -.2055*** 
(.05) 

-.5461*** 
(.07) 

Log(bank average wage) .7347*** 
(.09) 

.1674 
(.13) 

Log(regional GDP) .1712*** 
(.02) 

.2966*** 
(.04) 

Time .0719** 
(.04) 

.0331** 
(.05) 

 

χ 2 19,96*** 15,57*** 

 
*, **, *** Indicates p-value of 10%, 5% and 1%, respectively. 
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TABLE 2. ESTIMATING FORECASTING CURVES FOR ATM AND POS DIFFUSION  
Least squares estimates with bank fixed effects 

Confidence intervals from bootstrapped standard errors in parentheses (1,242 observations) 

  Diffusion ATMs Diffusion POS terminals 

 Logistic Gompertz Logistic Gompertz 

α 1.3261** 
(1.30,1.36) 

1.2002* 
(1.17,1.53) 

1.6425* 
(1.53,1.76) 

1.5203** 
(1.39,1.65) 

Β  (Time) 0.0823*** 
(.07,.09) 

0.0783** 
(.05,.09) 

0.0560*** 
(.04,.06) 

0.0512*** 
(.04,.06) 

(1) 

R2 .84 .86 .80 .82 

 

α 3.3014** 
(3.12,3.56) 

1.2124** 
(1,16,1.29) 

1.6123* 
(1.38,1.93) 

1.2204** 
(.06,,67) 

Β  (Time X  rival precedence) .1429*** 
(.13,.16) 

.1145** 
(.10,.12) 

.0821** 
(.06,.10) 

.0735*** 
(.05,.08) 

(2) 

R2 0.91 0.92 0.88 0.90 

 

α .6554** 
(2.21,3.53) 

1.2945** 
(1.12,1.53) 

4.6872* 
(4.03,5.26) 

1.5431** 
(1.16,1.89) 

β  (Time X  own network effects 
dummy) 

.0936*** 
(.08,.10) 

.0675*** 
(.05,.07) 

0.1144*** 
(.09,.12) 

.0679*** 
(.04,.08) 

(3) 

R2 0.54 0.63 0.57 0.61 

 

α 2.6880** 
(2.35,2.96) 

1.3269** 
(1.15,1.55) 

4.6514** 
(3.91,5,53) 

1.6336*** 
(1,23,1.79) 

Β  (Time X  indirect network 
effects dummy) 

.1129** 
(.09,.12) 

.0842*** 
 (.07,.09) 

.1406** 
(.13,.15) 

.0770** 
 (.06,.09) 

(4) 

R2 .68 .70 .70 .66 

 

α 5.5396* 
(5.16,5.63) 

1.7734** 
(1.64,1.85) 

5.1009* 
(4.91,5.56) 

1.6933** 
(1.37,1.90) 

β  (Time X  Lerner index dummy) .1206*** 
(.11,.13) 

.0937* 
(.06,.11) 

.1204*** 
(.11,.13) 

.0969** 
(.08,.10) 

(5) 

R2 .75 .78 .71 .74 

 

*, **, *** Indicates p-value of 10%, 5% and 1%, respectively. 
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TABLE 3. ESTIMATING THE DETERMINANTS OF BANK-LEVEL DIFFUSION OF ATMs AND 
POS 

Least squares estimates from Gompertz curve bank-level βi   
Explanatory variable of each bank have been averaged over 47 quarters 

Standard errors in parentheses (46 observations) 

 
 βi  (Time) 

 ATM POS 
Constant .0355* 

(.04) 
.0125** 

(.03) 

Demand 
Log(ATM transactionst-1) .1823 

(.09) 
- 

Log(POS transactionst-1) 
- 

.0961 
(.06) 

Rival precedence 
Log(rival’s ATM 
adoptiont-1) 

.2566*** 
(.03) 

- 

Log(rival’s POS terminal 
adoptiont-1) - 

.1328** 
(.06) 

Network effects 
Log [(card growth) x 
(own ATMs)] 

.0260** 
(.01) 

-.0379*** 
(.02) 

Log[(competitors’ ATMs) 
x (own card issuance)] 

.0531* 
(.01) 

.0610* 
(.02) 

Log [(card growth) x 
(own POS terminals)] 

-.0604** 
(.02) 

.0984*** 
(.01) 

Log[(competitors’ POS 
terminals) x (own card 
issuance)] 

-.0229** 
(.01) 

-.0366** 
(.04) 

Competition 
Lerner index ATM 
transactions 

-.4053*** 
(.02) 

- 

Lerner index POS 
transactions - 

.4699*** 
(.01) 

Control factors 
Log(growth of bank 
ATMs) 

- -.2699** 
(.01) 

Log( growth of bank POS 
terminals) 

.2115 
(.04) 

- 

Log(total bank assets) -.6358** 
(.02) 

-.5508** 
(.01) 

Log(bank branches) -.1452*** 
(.02) 

-.1142*** 
(.02) 

Log(bank average wage) .6551* 
(.09) 

.3326** 
(.05) 

Log(regional GDP) -.1433*** 
(.01) 

-.1638*** 
(.01) 

 
R2 .93 .95 

*, **, *** Indicates p-value of 10%, 5% and 1%, 
respectively. 
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TABLE 4. EVOLUTION OF MAIN VARIABLES OF THE MODEL OF  
THE DEMAND FOR CURRENCY  

 1997 1998 1999 2000 2001 2002 2003 

DEPOSITOR LEVEL   

Currency holdings (euros) 783 771 818 807 802 793 761 

Deposits interest rates (%) 2.28 2.06 2.02 2.00 1.91 1.74 1.66 

Non-durable consumption (euros) 17,075 17,324 17,032 17,392 18,080 18,391 18,950 

Average ATM transactions 14 18 22 26 28 32 36 

Average POS transactions 12 19 20 28 32 36 40 

REGIONAL LEVEL  

Log(ATMs) 2.96 3.31 3.41 3.52 3.63 3.69 3.71 

Log(POS) 4.52 4.56 4.59 4.62 4.64 4.71 4.75 

Log(bank branches) 2.94 3.06 3.18 3.21 3.28 3.31 3.35 

Log(bank average wage) 4.28 4.31 4.34 4.39 4.42 4.46 4.47 

Log(regional GDP) 10.53 10.56 10.59 10.61 10.64 10.67 10.69 

 
Note: All variables are shown as annual averages excepting currency which reflects the “amount of currency usually held 
at home”. The table reports averages values from sample information. Nondurable consumption and currency are deflated 
by the consumer price index and then converted to euros. 
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TABLE 5. DETERMINANTS OF THE DEMAND FOR CURRENCY 
Panel data fixed effects estimation .Standard errors in parentheses. The errors are clustered at the 

regional level (119 observations) 
 (I) (II) (III) 

Constant .743** 
(.022) 

.662** 
(.018) 

.632* 
(.021) 

Time (t) -.117*** 
(.009) 

-.127*** 
(.011) 

-.143** 
(.008) 

Time2 (t2) .006** 
(.002) 

.008* 
(.001) 

.009** 
(.002) 

Deposits interest rates (R) -.483*** 
(.016) 

-.222** 
(.012) 

-.179** 
(.014) 

Non-durable consumption (c) .257*** 
(.018) 

.207*** 
(.015) 

.191*** 
(.019) 

Log(ATMs) .007** 
(.007) 

.005** 
(.006) 

.006*** 
(.004) 

Log(POS) -.425** 
(.021) 

-.403*** 
(.019) 

-.391*** 
(.016) 

Log(bank branches) .359*** 
(.017) 

.361*** 
(.017) 

.378*** 
(.014) 

Log(regional GDP) -0.023* 
(.006) 

-.018** 
(.006) 

-.016*** 
(.007) 

Average ATM transactions - .129*** 
(.011) 

- 

Average POS transactions - -.336** 
(.013) 

- 

Average ATM transactions (corrected for the 
relative weight of sectors with a high cash 
usage) 

- - .286*** 
(.016) 

Average POS transactions (corrected for the 
relative weight of sectors with a high card 
usage) 

- - -.599** 
(.011) 

R2 .72 .79 .81 

*, **, *** Indicates p-value of 10%, 5% and 1%, respectively. 
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1. INTRODUCTION 

The ability of firms to optimally exploit investment opportunities may crucially 

depend on the level of financial constraints that they face. SMEs may be particularly 

vulnerable because these firms are more opaque and thus susceptible to more credit 

rationing.  Inquiry into the importance of financing constraints began in earnest with 

Fazzari et al. (1988) and their investigation of investment-cash flow sensitivity.  

However, this line of inquiry has been quite controversial.  In particular, Kaplan and 

Zingales (1997 and 2000) have shown that correlation between investment and cash 

flow may not be a good indicator of financial constraints. 

In this paper we move this line of inquiry in a somewhat different direction.  In 

some sense we look at the “dual” of the cash flow-investment sensitivity argument.  

Fazzari et al. (1988) argue that because financially constrained firms have limited 

access to external finance, their ability to exploit wealth-improving investment 

opportunities will be sensitive to their ability to finance these projects internally – that 

is, it will be sensitive to their cash flow.  From an econometric perspective the cash flow 

variable may be problematic because, among other things, it may be correlated with 

omitted variables (e.g., Caballero and Leahy, 1996).  To minimize these problems we 

take a more direct approach.  Specifically, we instead focus on bank loans rather than 

cash flow in a sample of SMEs for whom bank loans are likely the least costly form of 

external finance. We undertake this analysis on a large sample of Spanish SMEs, taking 

the Spanish case as a particularly advantageous laboratory for the analysis since loans 

and trade credit are the two main sources of funding for Spanish SMEs while any other 

funding technologies are only marginally used. Our argument here is that just as the 

capital expenditures of less constrained firms are less likely to be sensitive to cash flow, 

they are more likely to be sensitive to bank loan funding. That is, unconstrained firms 
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will utilize low cost bank loans to finance capital expenditures. In particular, we 

hypothesize that increased bank loan funding will (not) be associated with increased 

capital expenditures for unconstrained (constrained) firms. 

The only other economically significant source of external funding for SMEs is 

trade credit, although it is generally considered to be more costly than bank loans (e.g., 

Petersen and Rajan, 1994, 1995). So, we also examine the sensitivity of investment to 

trade credit. Our investigation of trade credit will enable us to draw some inferences 

about the substitutability of trade credit and bank loans.  

We also extend the literature on financial constraints by examining 

predictability.  That is, we go beyond just the estimated correlation (between bank loans 

and investment, between trade credit and investment, and between accounts receivable 

and bank loans) and investigate the casual links.  By way of preview we find that bank 

loans predict investment for unconstrained firms – but not for constrained firms.  We 

also find that trade credit predicts investment, but only for constrained firms.  This 

suggests that constrained firms, whose access to bank loans is limited, resort to trade 

financing suggesting the trade credit and bank loans are substitutes.   

The remainder of our paper is organized as follows: Section 2 discusses the 

relevant literature on investment and financing constraints and presents our hypotheses.  

Section 3 presents the empirical strategy, the data set and the methodology.  Section 4 

shows our results and Section 5 offers conclusions. 

 

2. LITERATURE REVIEW AND HYPOTHESES 

 2.1. The literature on financing constraints, external finance and investment 

Firms depend on a variety of sources of financing, both internal and external.  

The relationships among these sources and their effects on investment, however, remain 
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unclear in the literature. In the case of SMEs, bank loans and trade credit are the main 

two alternative sources of external funding. Since bank lending may be the cheapest 

source of external funding (e.g. Petersen and Rajan 1994, 1995), access to bank lending 

may condition the demand for trade credit. Dependence on trade credit, arguably the 

most expensive source of credit and the degree of financial constraints may also depend 

on internal funding from cash flow.  

The effects of bank loans on investment decisions have been mostly explored in 

cross-country studies. In particular, as predicted in the finance-growth literature, bank 

lending to firms may foster investment and growth. This finance-growth nexus has been 

presented both as an endogenous growth model whereby bank loans (and even trade 

credit) stimulate firm investment (Greenwood and Jovanovic, 1990; King and Levine, 

1993; Galetovic, 1996, Fisman and Love, 2004) and from a monetary perspective, 

showing the response of lending by banks to changes in monetary policy, its effects on 

aggregate output, and the likely substitution of bank loans for trade credit during a 

monetary tightening (Gertler and Gilchrist, 1993; Calomiris et al., 1995; Oliner, and 

Rudebusch, 1996; Nielsen, 2002; Fukuda et al., 2006).  

Much of the previous literature on financing constraints has focused on cash 

flow-investment sensitivity. This literature has been embroiled in considerable 

controversy with two main opposing views.  On one side, Fazzari et al. (1988, 2000) 

suggest that financing constraints increase with investment-cash flow sensitivity.1 On 

the other side, Kaplan and Zingales (1997, 2000) suggest that investment-cash flow 

correlations are not necessarily monotonic in the degree of financing constraints. As an 

explanation for these controversial and conflicting results, Kaplan and Zingales (2000) 

suggest that unobserved changes in environmental conditions such as changes in firm 

                                                
1 See Caggese (2007) for a recent discussion of the literature. 
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investment criteria, changes in precautionary savings of firms that influence investment 

over time and changes in bank lending behavior are likely important. Hines and Thaler 

(1995) also suggest that firms may be conservative and that they only invest when they 

generate cash flow so that they prefer not to expand using external funding unless they 

are forced to.  

An alternative strand of the literature on financing constraints has focused on the 

extent to which bank loans and trade credit are complements or substitutes.  This strand 

of the literature might be especially applicable to SMEs. Some of these studies suggest 

that external financing is costly because of potential adverse selection in the market for 

capital. They argue that trade credit may play a critical role in lowering funding costs 

and in reducing credit rationing.  In particular, it may be more efficient for large, less 

informationally opaque vendors with relatively low cost access to the banking and 

capital markets to obtain external financing and extend trade credit (Myers and Majluf, 

1984; Calomiris et al.,, 1995; Petersen and Rajan, 1997; Demirguç-Kunt and 

Maksimovic, 2001; Frank and Maksimovic, 2005, Taketa and Udell 2007). Large trade 

creditors have also been shown to provide trade credit to firms experiencing 

idiosyncratic shocks or monetary policy shocks (Calomiris et al., 1995; Gropp and 

Boissay, 2007). Carbó and López (2009) have also shown that firms holding liquid 

assets may protect themselves against a future scenario of growing interest rates, lower 

earnings or higher restrictions and costs of accessing capital markets. Many hypotheses 

have been suggested to explain why trade creditors might have an advantage over other 

lenders (specifically, banks) in providing credit to opaque firms.2  Among these 

arguments is the possibility that vendors may act as “relationship lenders” because they 

have unique proprietary information about their customers (McMillan and Woodruff, 

                                                
2 For recent summaries of the literature on the comparative advantage of vendors as commercial lenders 
see Burkart et al. (2007), and Uchida et al. (2007). 
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1999; Uchida et al., 2007). Smith (1987) and Biais and Gollier (1997) argue that in the 

normal course of business a seller obtains information about the true state of a buyer's 

business that is not known to financial intermediaries.  Cuñat (2007) shows that trade 

suppliers may have an advantage in enforcing noncollateralized debt contracts. This 

advantage allows suppliers to lend more than banks and to lend when their customers 

are rationed in the bank loan market. 

As noted by Demirguç-Kunt and Maksimovic (2001) information about the 

buyer is potentially valuable and the seller acts on this information to extend credit to 

buyers on terms that they would not be able to receive from financial intermediaries. 

Similarly, it has been suggested that the information advantage that vendors may have 

over banks in funding opaque firms may imply a complementary use of trade credit and 

bank loans (Cook, 1999; Ono, 2001; García-Appendini, 2006). However, this argument 

does not necessarily contradict the view that bank loans are a cheaper substitute for 

trade credit (Meltzer, 1960; Brechling and Lipsey, 1963; Jaffee, 1971; Ramey, 1992; 

Marotta, 1996; Uesugi and Yamashiro 2004; Tsuruta, 2008).  Interestingly, it has been 

suggested that both views (substitutes and complements) can be reconciled by 

considering whether firms are financially constrained or not (García Appendini, 2006).  

 

2.2 Our Hypotheses 

Like this second strand of the literature on financing constraints, we focus on the 

two main sources of SME external financing:  bank loans and trade credit.  However, 

our approach also borrows from the first strand of the literature in that we also examine 

investment sensitivity - except our focus is not on cash flow-investment sensitivity, but 

rather bank loan- and trade credit-investment sensitivity.  In some sense, this can be 

viewed as the converse of the cash flow-investment sensitivity strand of the literature.  
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That literature analyzes whether financially constrained firms who are denied full access 

to external credit markets link their investment decisions to available cash flow.  We 

examine the flip side of this issue – whether these financially constrained firms can link 

their investment to either bank loans or trade credit.  If financially constrained firms are 

linking their investment decision to cash flow, then they should not be linking their 

investment decision to bank loans (to which they are denied full access).  If they are 

denied access to the bank loan market, they may turn to the trade credit market.  So we 

also examine whether constrained firms link their investment to trade credit (i.e., trade 

credit-investment sensitivity). 

In order to derive our hypotheses, we make several key assumptions. First of all, 

as in most of the previous literature we will assume that financing constraints are 

directly related to borrowing from banks so that a firm is considered to be financially 

constrained when the desired amount of lending is larger than the amount of lending 

that banks provide to that firm3. Second, as noted elsewhere in the literature we assume 

that firm financing and investment are dynamic and non-contemporaneous (Clementi 

and Hopenhayn, 2006). This allows us to examine the predictability relationships as a 

primary tool in analyzing the link between bank loans and investment, and trade credit 

and investment. This is also interesting because the direction of predictability between 

many of these financing and investment variables has not been explored yet.  

We can now state our two main testable hypotheses: 

Hypothesis 1: Since the desired amount of loans exceeds the supplied amount of 

bank loans at constrained firms, loans will not predict/cause investment at constrained 

                                                
3 This is also the definition in studies classifying firms into constrained and unconstrained using survey 
data where firms are asked whether banks have denied them credit in a given period. In this context, 
being denied a loan indicates being financially constrained (Garmaise, 2008). Since we do not have 
information on loan applications we employ a model to classify firms into financially constrained and 
financially unconstrained.  
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firms. Therefore the expected predictability relationship between bank loans and 

investment should only be significant for unconstrained SMEs. 

 

Hypothesis 2: Since constrained SMEs are not provided with the amount of bank 

loans that they need for investment, they have to rely on (more expensive) trade credit 

to finance their investment projects. Therefore, financing dependence on trade credit 

will cause/predict investment decisions at constrained SMEs.  

 

3. EMPIRICAL METHODOLOGY 

 3.1. Empirical strategy and data 

Our empirical strategy involves three steps. First of all, cash-flow investment 

correlations are estimated as a benchmark to make our data and results comparable with 

previous research. The second empirical step in our analysis involves the identification 

of financially constrained firms. Under certain restrictive conditions, accounting ratios 

can be consistent proxies of firm financing constraints. However, it is likely that 

financial ratios are correlated among themselves and with other variables such as cash 

flow or sales growth which are relevant key and control variables in our dataset. 

Therefore, we rely on a direct estimation of the probability that a firm will experience 

borrowing constraints using a disequilibrium model. This methodology permits us to 

classify firms as constrained or unconstrained. The main sensitivity estimations are then 

conducted in the third step using Granger predictability tests. 

The data have been gathered from the Bureau-Van-Dijk Amadeus database and include 

annual information on 30,897 Spanish SMEs during 1994-2002. SMEs are defined as 

those with less than 250 employees4. All of the selected firms were active during the 

                                                
4 This is the standard definition of SMEs according to the European Commission’s Recommendation 
2003/361/EC. All SMEs in the sample are below 40 million of euros in total assets. 
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entire sample period. This balanced panel consists of 278,073 observations. Our data for 

Spain may offer a particularly advantageous environment in which to analyze this issue.  

Spain has a banking-oriented financial system with a large fraction of its economic 

activity is driven by the SME sector. Additionally, other funding technologies (such as 

leasing or factoring) rather than loans and trade credit are marginally used by SMEs and 

they account for less than 4% of total external funding according to the Bank of Spain 

Central Balance Sheet Data Office Report for 2002. Our dataset presents an additional 

advantage since it permits to combine the information on the SMEs in the sample with 

macroeconomic and bank industry indicators computed for the regions where the firms 

are located. This is particularly relevant for the classification of firms into constrained 

and unconstrained using a disequilibrium model since the estimation of this model 

requires using bank market indicators (i.e. market power in the regional banking 

market) that should be computed for the relevant markets (regions) where the firms 

operate. To our knowledge, these regional banking data are not available in the rest of 

Europe. In order to analyze the relationship between firm investment, bank loans and 

other internal and external sources of financing, two sets of variables are employed, one 

related to investment and financing decisions5 and the other to firm-level and 

environmental control variables. Table 1 contains the definitions and explanatory 

comments on the variables as well as their sample means. 

 

 3.2. Benchmark definitions: cash-flow investment correlations 

 We begin by estimating cash flow-investment sensitivities to benchmark our 

analysis against the standard approach in the literature.  We have the advantage of 

estimating these cash flow-investment correlations using a relatively homogeneous 

                                                
5  We focus on bank loans and trade credit as the external sources of funds for SMEs. There are other 
external sources (such as the deferred taxes and black market loan sharks) that have not been considered 
because of marginal importance and/or lack of data. 
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sample of firms, SMEs in Spain, in terms of financial structure and firm sizes. However, 

we also note that because most of our sample firms are unquoted (i.e., private), 

investment-cash flow sensitivities can be, to a certain extent, affected by non-optimizing 

behaviour by managers (Kaplan and Zingales, 2000).  

We use the approach in Bond and Meghir (1994) to estimate cash-flow 

investment correlations in unquoted firms. The methodology consists of an Euler 

equation6. In the general specification of the model, the current investment rate (Capital 

expendituret / capitalt-1) is related to lagged values of the investment rate, a quadratic-

adjustment term for the investment rate, cash flow, sales growth and a quadratic 

adjustment term for bank debt (bank loans): 

 

Capital expendituret / capitalt-1 = α*(Capital expendituret-1 / capitalt-2) 

+ β*( Capital expendituret / capitalt-1)
 2

+ χ*(Cash flowt/capitalt-1)
   (1) 

+ δ*sales growtht + +γ*bank loanst
2                

In the Euler equation, the estimated value of the coefficient “χ” is interpreted as 

the cash-flow investment correlation.  

 

3.3. Identifying constrained vs. unconstrained firms 

 We employ a disequilibrium model (Maddala, 1983) consisting of two-reduced 

form equations: a demand equation for bank loans, and a supply equation that reflects 

the maximum amount of loans that banks are willing to lend on a collateral basis. A 

third equation is added as a transaction equation restricting the value of loans as a min 

equation of desired demand and loan supply. Similar empirical applications have been 

                                                
6 The Euler equation is a structural model, explicitly derived from a dynamic optimization problem under 
the assumption of symmetric, quadratic costs of adjustment. This has the advantage that, under the 
maintained structure, the model captures the influence of current expectations of future profitability on 
current investment decisions. The Euler-equation model has the advantage of controlling for all 
expectational influences on the investment decision. 
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employed by Ogawa and Suzuki (2000) and Shikimi (2005) for Japan, Atanasova and 

Wilson (2004) for the United Kingdom and Carbó et al. (2006) for Spain. The loan 

demand equation (  d

itBank loans ), the loan supply equation (  s

itBank loans ), and the 

transaction equation (  itBank loans ) of firm i in period t are: 

0 1 2

3 4

( )

( log( )

d d d d d

it it it

d d d

it it

Bank  loans Sales Cash flow

Loan interest spread) GDP u

β β β

β β

= + +

+ + +
 

    (2) 

0 1 2

3 4 log( )

s d s s

it it

s s s

it it

Bank  loans Tangible assets Bank  market  power

Default  risk GDP u

β β β

β β

= + +

+ + +
   (3) 

 (  ,  )d s

it it it
Bank loans Min Bank loans Bank loans=      (4) 

The amount of bank loan demand is modelled as a function of firm activity 

(Sales), other sources of funding that are substitutes for bank loans (Cash flow), and the 

interest spread on bank loans (Loan interest spread) which is computed as the 

difference between the loan interest rate and the interbank interest rate7. The maximum 

amount of credit available to a firm is modelled as a function of the firm’s collateral 

(Tangible assets), the banks’ market power in the area where the firm operates (Banks’ 

market power) – which is measured by the Lerner index8 - and a proxy for firm default 

risk (Default risk) which is defined as the ratio of operating profits over interest paid. 

All non-ratio variables are converted into ratios (of total assets) to reduce 

heteroscedasticity. As a consequence, the size (scale) effect of “total assets” in the 

demand function above is estimated as part of the constant term since the constant term 

                                                
7 The loan interest rate is computed as a ratio of loan expenses and bank loans outstanding.  We implicitly 
assume that the year-end loan balance is roughly equal to the weighted average balance during the year. 
Alternatively, we used the amount of interest expense and firm debt to compute an interest rate for firm 
debt. This alternative measure is a weaker indicator of firm external financial costs since the composition 
of different type of bank loans and lines of credit and the weighted average loan balance are unknown. 
Not surprisingly, this alternative measure was not found to be statistically significant in the regressions.   
8 See Cetorelli and Gambera (2001). The Lerner index is defined as the ratio “(price of total assets - 
marginal costs of total assets)/price”. The price of total assets is directly computed from bank-level 
auxiliary data as the average ratio of “bank revenue/total assets” for the banks operating in a given region 
using the distribution of branches of banks in the different regions as the weighting factor. Marginal costs 
are also estimated from the auxiliary sample.  
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is estimated as a coefficient of the reciprocal of total assets9. Both demand and supply 

equations contain log(GDP) to control for macroeconomic conditions across the 

regional markets where the SMEs operate10.  

 The simultaneous equations system shown in (2), (3) and (4) is estimated 

as a switching regression model using a full information maximum likelihood (FIML) 

routine with fixed effects. According to the results from the disequilibrium model, a 

firm is defined as financially constrained in year t if the probability that the desired 

amount of bank credit in year t exceeds the maximum amount of credit available in the 

same year is greater than 0.5. Following Gersovitz (1980), the probability that firm will 

face a financial constraint in year is derived as follows: 

Pr( ) Pr( )
d d s s

d s d d d s s s it it
it it it it it it

X X
loan loan X u X u

β β
β β

σ

 −
> = + > + = Φ  

 
  (5) 

where d

itX  and s

itX  denote the variables that determine firms’ loan demand and the 

maximum amount of credit available to firms, respectively. The error terms are assumed 

to be distributed normally, 2 var( )d s

it itu uσ = −  , and Φ (.) is a standard normal distribution 

function. Since ( )d d d

it itE loan X β=  and ( )s s s

it itE loan X β= , Pr( ) 0.5d s

it itloan loan> > , if and 

only if ( ) ( )d s

it itE loan E loan> . 

 

3.4. Testing the hypotheses: Granger predictability tests 

We use Granger predictability tests to study the relationships between different 

sources of financing and investment and among the financing measures. One, two and 

three lags (l) of the variables were employed since these relationships are not 

                                                
9 The constant term is them estimated as the parameter for “1/total assets” and, therefore, the estimated 
value of the coefficient of the estimated constant term or reciprocal of total assets is considerably large. 
10 Since some of the variables are computed from regional data, errors are clustered by region since these 
variables would be equal or very similar across firms in the same region.  
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necessarily contemporary but likely to present long-term effects (Rosseau and Wachtel, 

1998)11.  

Since our dataset consists of cross-section and time series firm-level 

observations, the predictability includes fixed effects ( f ) in the regression. The 

empirical specification follows Holtz-Eakin et al. (1988) for Granger predictability with 

panel data. Considering N firms (i=1,…,N) and t time periods (t=1,…,T) and firm-

specific fixed effects (fi). we will consider, for example, that “bank loans/total 

liabilities” will Granger-cause investment if two conditions are met:  

i) The bank loans ratio is statistically significant in a time-series regression of the firm 

investment rate:  

it-1 t 0 it-1 -

-

( exp / )     ( exp / )

                                            + (  l /  )

α β

γ ψ

= +

+ +

∑
∑

it i it t l

i it it t i itt l

Capital enditure capital Capital enditure capital

Bank oans total liabilities f u
       (6) 

ii) The investment rate variable is not significant when it is included in a time-series 

regression of the bank loans ratio:  

0 -

t-1 -

(  l /  )    (  l /  )

                                       + ( exp / )   +  

α β

γ ψ

= +

+

∑
∑

it it t i it it t l

i t t l t i it

Bank oans total liabilities Bank oans total liabilities

Capital enditure capital f u
                  (7) 

 If instead, the situation is reversed – so that the 
iγ∑ in the first set of 

regressions is not significant while in the second set iβ∑ is significant, then investment 

Granger-predicts the bank loans ratio. Finally, if the added bank loans variable in 

equation (6) and the firm investment rate variable in equation (7) were both significant, 

there will be predictability in both directions and it is likely that a third factor is driving 

both the evolution of firm investment and bank loans. As control variables, the Granger 

equations include Interbank interest rates, Cash flowt/capitalt-1, Sales growth and the 

                                                
11 An Augmented Dickey-Fuller (ADF) procedure is applied as a test for unit roots. First differencing the 
variables was sufficient to achieve stationarity.  
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Defaults in trade credit. The statistical significance of the Granger test is measured 

using an F-test. 

The identification of the equation is easier when the individual effects and the 

lagged coefficients are stationary, so that the individual effects are eliminated.  All 

variables are expressed in first-differences since standard Augmented-Dickey-Fuller 

tests suggest that first-differencing is sufficient to achieve stationarity. To examine 

hypothesis 1 we run predictability tests between investment rates and bank loans. To 

examine hypothesis 2, we run predictability tests between investment rates and accounts 

payable turnover, our measure of trade credit dependence (and “accounts payable/total 

liabilities”, our alternative measure of trade credit dependence). Importantly, in order to 

properly analyze these hypotheses, the Granger predictability equations are estimated 

separately for both constrained and unconstrained firms. 

The vector of instrumental variables that is available to identify the parameters 

of the equations in first differences includes various additional lags of the dependent 

and the explanatory variables in levels. A necessary condition for identification is that 

there are, at least, as many instrumental variables as right-hand side variables. The 

standard Sargan test for identification is employed.  

 

4. MAIN RESULTS 

4.1. Defining financially constrained firms  

The estimations of the FIML disequilibrium model that are employed to 

compute the probability that a given firm is financially constrained are shown in Table 

2. 

All coefficients are found to be significant at the 1% level except Default risk. 

As shown in Table 3, 33.90% of the firms in the sample are estimated to have 
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experienced borrowing constraints during the period. These values remain very stable 

over time.  

 Table 4 shows the mean values of the ratios of bank loans, investment and cash 

flow as well as the cash-flow investment correlations for SMEs of different sizes using 

the quartile distribution of firms by assets12 with the first quartile corresponding to the 

smallest firms and the fourth quartile to the largest firms in the sample13. The values are 

shown for both constrained and unconstrained firms according to the classification of 

the disequilibrium model. Constrained firms exhibit a slightly higher proportion of bank 

loans even if their access to bank financing is, at least partially, restricted. 

Unconstrained firms show a lower ratio of bank loans but higher cash flow. This  

suggests that lower cash flow generation may induce constrained firms to rely more on 

bank lending although their higher demand for loans is not completely satisfied.  It is 

not surprising that constrained SMEs exhibit a significantly lower investment ratio 

(0.428) than unconstrained firms (0.507). The larger diversification of funding sources 

at unconstrained firms may also explain why they show, on average, lower cash flow-

investment sensitivities (0.481) than their restricted counterparts (0.742). These 

correlations are the highest for the firms in the first size quartile although they decrease 

for firms in the second and third quartiles and paradoxically increase again in the case 

of firms in the fourth quartile.   

As shown in Table 5, the sector breakdown reflects a significant degree of 

heterogeneity in financial ratios and estimated cash-flow investment sensitivities. While 

the percentage of constrained firms is the lowest in sectors such as “transport services” 

                                                
12 The assets distribution and any other quartile distribution of firms according to assets in this study are 
undertaken on a yearly basis. This means that some firms may shift from a size category to any other size 
category over the sample period but this should not affect the economic significance of “size” in our main 
hypotheses tested. 
13 Similar distributions using the number of employees as a criterion were also employed (not shown) and 
offered very similar results. These results are available upon request. 

947



 17 

(21.31%) and “construction” (22.43%), other industries such as the “sale, maintenance 

and repair of motor vehicles” (41.75%) or “manufacturers of textiles and dresses” 

(41.73%) show a higher percentage of constrained firms within the sample. 

Interestingly, some of the highest levels of firm investment are found in sectors 

suffering significant borrowing constraints such as “sales, maintenance and repair of 

motor vehicles”, “hotels and restaurants” or “computer and related activities”.  

  

 4.2. Granger predictability tests 

 Table 6 and 7 show the detailed results of the Ganger predictability tests for 

unconstrained and constrained firms respectively. For simplicity, only the one-lag 

results are shown while the Appendix summarizes the results of all Granger-

predictability tests for 1 up to 3 lags.  The values from the Sargan test for 

overidentifying restrictions suggest that the instruments employed are valid. Since the 

coefficients are shown as log-differences of the variables, they can be interpreted as 

marginal effects.  

 The results shown in equations (1) and (2) in Table 6 suggest that bank loans 

Granger-predicts investment but, investment does not Granger predict bank loans at 

unconstrained firms14. In equation (2), where investment is the dependent variable, other 

explanatory factors are also significant and exhibit the expected signs. In particular, 

interest rates and the level of defaults in trade credit are found to be negatively and 

significantly related to investment while sales growth has a positive effect.  The last 

tests for unconstrained firms relate the ratio “accounts payable to total assets” and the 

                                                
14 In the case of some constrained firms, short term capital investments may be more important than long-
term capital investments. As a robustness check for the relative importance of short-term investment 
decisions at constrained firms, we alternatively tested the sensitivity of loans and trade credit to net 
working capital as an alternative to our reported results using total capital expenses to compute the 
investment variable. The results obtained using working capital are very similar and they are available 
upon request.   
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payables turnover to investment. Results for these tests are shown in equations (3) to (6) 

in Table 6. None of the relationships among these variables were found to be 

significant. 

 The six equations are then estimated for constrained firms in Table 7.  Equations 

(1) and (2) in Table 7 reveal that there is not any predictability relationship between 

investment and bank loans at constrained firms consistent with hypothesis 1. However, 

unlike unconstrained firms, “accounts payable/total liabilities” and the payables 

turnover are found to predict investment at constrained firms which, in turn, supports 

hypothesis 2. These results also imply that trade credit is a substitute for bank lending in 

funding investment projects. For robustness purposes, hypothesis 2 is also tested on a 

sub-sample of SMEs with no bank loans on their balance-sheets (2426 firms). This 

could be construed as reflecting the most constrained firms.  In this sub-sample, the 

payables turnover and “accounts payable/total liabilities” are also found to predict 

investment rates. It should be noted that when the 2,426 ‘most constrained’ firms are 

excluded from the sub-sample of constrained firms, hypothesis 2 still holds. As an 

additional robustness check, hypotheses 2 was tested excluding those firms showing a 

cash-flow investment correlation higher than 90% in order to exclude from the sample 

of constrained firms those that that may be particularly conservative in their investment 

decision-making, investing only when they have the cash flow to do so (Hines and 

Thaler, 1995). Again, hypothesis 2 holds when these firms are excluded.   

 

 4.3. Alternative specifications: a switching regression model of investment 

with two-regimes 

 
We test the robustness of our results to alternative specifications. Some recent 

empirical studies (such as Schiantarelli and Hu, 1998; Hovakimian and Titman, 2006; 

or Almeida and Capello, 2007) have suggested alternative specifications for switching 
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regression models for investment following the seminal specification of Maddala (1983, 

1984). These studies estimate a switching regression model with endogenous sample 

separation, assuming that there are two different investment regimes within the sample.  

Both the disequilibrium model in section 4.1 and the two-regimes method avoids 

the necessity of a priori knowledge about whether a firm is financially constrained. 

While the disequilibrium model permits us to directly classify firms into financially 

constrained and unconstrained, the two-regimes method does not provide an ex-post 

classification but permits us to estimate the likelihood that constrained and 

unconstrained firms demonstrate a statistically significant different investment 

behaviour within the model. The two-regimes switching regression model is composed 

of the following system of three equations that are estimated simultaneously: 

 

it-1 1t 1 0 1 1( exp / )  =   Xit t it itCapital enditure capital I uα β= + +

                               (8) 

it-1 2t 2 0 2 2( exp / )  =   Xit t it itCapital enditure capital I uα β= + +

                               (9) 

*  
it it it

y Z γ ε= +

         (10) 

Equations (8) and (9) are investment equations corresponding to investment 

regimes 1 ( 1tI ) and 2 ( 2tI ). Equation (10) is the selection equation that determines a 

firm’s “propensity” of being in one or the other investment regime (constrained or 

unconstrained in our case). The observed investment, itI , undertaken by firm i at time t, 

is defined as: 

1it tI I=   iff * 0
it

y <         (11) 

2it tI I=   iff * 0
it

y ≥          
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In one regime investment may be more sensitive to the availability of internal 

funds (cash-flow) than in the other regime. This allow us to test if – controlling for the 

sensitivity of investment to cash flow - the bank loans to total liabilities ratio affects 

investment for constrained (regime 1) and unconstrained (regime 2) firms.  

In Equations (9) and (10), Xit are the determinants of corporate investment and 

Zit are the determinants of a firm’s likelihood of being in the first or the second regime. 

at time t. β1, β2, and γ are vectors of parameters, *

it
y  is a latent variable measuring the 

tendency or the likelihood of being in the first or second regime, and u1, u2, and ε are 

residuals. Firms are not fixed in one regime. A transfer between the regimes occurs if 

*

it
y   reaches a certain unobservable “threshold” value. This is important since a firm’s 

financial status may change over time, leading to a significant change in its investment 

behavior.15 

This switching regression approach allows us to control for multiple indicators 

that jointly determine the group in which a firm is likely to belong without the need for 

splitting the sample into many smaller parts or including many interaction terms.16 

Equations (8)-(10) are simultaneously estimated by maximum likelihood with fixed 

effects.  

Unlike the disequilibrium model in section 4.1., the two-regimes method does 

not permit us to observe the tendency of a firm to be in one or the other investment 

regime. However, we know that if εit <Zitγ , the firm’s investment is determined by 

                                                
15 We assume that u1, u2, and ε are jointly normally distributed with mean vector 0 and covariance matrix 

11 12 13

21 22 23

31 32 1

σ σ σ

σ σ σ

σ σ

 
 

Σ =  
 
 

. This assumption permits a non-zero correlation between the shocks to investment  

and the shocks to firms’ characteristics and endogenous switching between the two investment behaviors. 
Note, that var(ε) is normalized to 1 because, in Equation (10), we can estimate only γ/σε, but not γ and σε, 
individually. 
16 The use of multiple indicators to identify constrained and unconstrained firms permits a more reliable 
sample-splitting than other methods that rely on a single criterion (liquidity, cash-flows). As suggested by 
Japelli (1990), the use of multiple criteria and panel data increases the robustness of the identification of 
constrained and unconstrained firms.   
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equation (8), and if *

it
y  > 0 or, equivalently, εit >-Zitγ, the firm’s investment is 

determined by equation (9).  

As in the disequilibrium model, we normal density distribution for the likelihood 

function subject to maximization, which follows: 

1 1 1

2 2 2 2

1 1

2 2

Pr( | )Pr( )

Pr( | )Pr( )

it it it it it it it it

it it t it it it it

I Z u I X u I X

Z u I X u I X

ε γ β β

ε γ β β

= < = − = − +

> − = − = −
     (12) 

 Our specification of vectors Xit and Zit is similar to Schiantarelli and Hu (1998) 

and Hovakimian and Titman (2006). As Xi we use the variables “cash flowt/ capitalt-1”,   

“interbank interest rates” and a measure of  assets tangibility17 (“tangible assetst/ total 

assetst-1”). This vector also includes “loans/total liabilities” and “accounts payable/total 

liabilities” since we aim to test the sensitivity of these external sources of funding to 

investment at constrained (regime 1) and unconstrained firms (regime 2). The Zit in the 

regime-selection regression – equation (10) - includes size (log of total assets), sales 

growth, assets tangibility (“tangible assetst/ total assetst-1”), and a measure of financial 

slack (“cash and liquid securitiest/total assets t-1”).18  

 The results of the two-regimes switching regression model are shown in Table 8. 

Panels A and B correspond to the regime regression and selection equations, 

respectively, when “loans/total liabilities” is included among the explanatory variables. 

Panels C and D correspond to the regime regression and selection equations, 

respectively, when “accounts payable/total liabilities” is included among the 

explanatory variables. Importantly, the likelihood test for the null hypothesis of the 

preference for a two-regimes model as opposed to a one-regime model can not be 

rejected at 1% level. Consistent with our previous estimations, “loans/total liabilities” is 

                                                
17 Almeida and Campello (2007) show that assets tangibility is a significant discriminating factor of 
financial constraints.  
18 These are the standard variables considered in these empirical models. Some other variables showing 
the market value of the firm are typically also included although they obviously cannot be obtained and 
would not be relevant in our sample of SMEs.  
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only positively and significantly related to the investment ratio in the case of 

unconstrained firms while “accounts payable/total liabilities” only affects the 

investment ratio positively and significantly for constrained firms. Table 8 also shows 

that the estimated coefficients for constrained and unconstrained firms are significantly 

different and, in particular the cash-flow investment sensitivity is larger for constrained 

firms, while the positive effects of asset tangibility on the ratio of investment is 

significantly higher in the case of unconstrained firms. 

 

5. CONCLUSIONS 

 This paper employs a new approach to investigate the mechanisms that SMEs 

employ to finance their investment projects depending on whether they are financially 

constrained or not. The paper also illustrates how easier access to bank lending may 

enable unconstrained firms to extend trade credit to other firms. Unlike the main strand 

of the previous literature in this area, the approach in this paper relies on predictability 

tests and does not look primarily at cash flow-investment sensitivity, but rather at bank 

loan- and trade credit-investment sensitivity.  This can be viewed as the converse of the 

cash flow-investment sensitivity approach.  Specifically, we investigate how financially 

constrained firms link their investment to these external sources of credit and how this 

may differ from unconstrained firms.  In this regard, we contribute to the broader debate 

on financial constraints and investment behaviour by offering an alternative to the 

approach in Fazzari et al. (1988). 

These relationships are tested on a sample of 30,897 Spanish SMEs during 1994-2002. 

Loans and trade credit are identified as the main sources of funding for SMEs in Spain. 

The results suggest that constrained firms with restricted access to the bank loan market 

may turn to the trade credit market to exploit their investment opportunities.  
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Unconstrained firms, however, turn to the bank loan market. Our results are robust to 

different specifications that distinguish between constrained and unconstrained firms – 

either a disequilibrium model approach or switching regression model approach. 

These results may help explain the (important) role of trade credit in alleviating 

borrowing constraints, in a country (Spain) where we estimate that around one third of 

the SMEs face significant financing constraints. This can be interpreted as 

complementing findings elsewhere in the literature that firms extend trade credit to help 

alleviate problems related to monetary policy shocks and idiosyncratic firm shocks. 
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TABLE 1. VARIABLES: DEFINITION AND SAMPLE MEANS 

 
 
 
 
 
 
 
 
 
 
 

 
VARIABLE DEFINITION MEAN  

MAIN INVESTMENT 

VARIABLE 

  

Capital expendituret / capitalt-1 
The ratio of total capital expenditures at end-year relative to the total amount of capital at the 

beginning of the year is our investment variable (Kaplan and Zingales, 1997; Fazzari et al., 2000). 
0.33601 

VARIABLES RELATED TO 

FINANCING DECISIONS 
  

Bank loans Outstanding amount of loans in the liability side of firm’s balance sheet (thousand of euros) 5,531.6 

Banks loans/total liabilities A ratio that reflects bank-leverage, the relevance of bank loans as a source of external finance.  0.20785 

Payables turnover 

Computed by dividing the total costs of the goods sold by the firm in year t by the average of the 
“accounts payable” between the end of year t and the end of year t-1. This ratio is a short-term liquidity 
measure used to quantify the rate at which a company pays off its suppliers.  Because accounts payable 
are a source of credit to the firm, the payables turnover proxies for the maturity of this source of credit. 

8.02354 

Accounts payable / total liabilities It reflects the importance of trade credit relative to other sources of financing.  0.30451 

FIRM-LEVEL AND 

ENVIRONMENTAL CONTROL 

VARIABLES 

  

Total assets Total assets on firm’s balance sheet (thousand of euros) 9,832.6 

Tangible assets Fixed assets on firm’s balance sheet (thousand of euros). This is considered as proxy of collateral. 1,466.9 

Cash flow Net income plus depreciation plus changes in deferred taxes. 1,899.4 

Cash flowt/ capitalt-1 
This ratio is defined as cash flow in relative terms to the proportion of capital at the end of the previous 

year (Kaplan and Zingales, 1997, 2000; Fazzari et al., 2000)   
0.41220 

Sales Total sales during the year (thousand of euros) 18,621.6 

Sales growth 

Sales growth offers another alternative measure of firm financing constraints. It has been employed as 
a measure of investment opportunities and current cash-flows, which are expected to reduce borrowing 
constraints and as an indicator of financial distress for constrained firms (Fazzari et al., 2000, Lamont 

et al., 2001).   

0.4721 

Interbank interest rates 

The three-month interbank deposit rate, obtained from the Bank of Spain, and computed as the average 
monthly rate over the year.  This interest rate controls for the costs of external financing. A shock to 

interest rates may affect both bank lending and trade credit (Nielsen, 2002; Fukuda et al., 2006). 
0.07952 

Loan interest spread 

This spread is defined as the difference between loan interest rates and interbank rates. The loan 
interest rate is computed as a ratio of loan expenses and bank loans outstanding.  We implicitly assume 

that the year-end loan balance is roughly equal to the weighted average balance during the year.   
0.01320 

Default risk 
This risk variable is defined as the ratio of operating profits to interest paid. A proxy for operating risk 

showing how many times interest paid are covered by operating profits. 
4.25660 

Banks ’market power 

Bank market power is measured estimating the Lerner index (%). This index defined as the ratio 
“(price of total assets - marginal costs of total assets)/price”. Marginal costs are estimated from a 

translog cost function with a single output (total assets) and three inputs (deposits, labor and physical 
capital) using two stage least squares and bank fixed effects (Cetorelli and Gambera, 2001). 

22.3620 

Defaults on trade credit  

This is a regional measure of the growth in defaults on trade credit in the region where the firm 
operates. It provides a control for trade credit quality. This is the only business default rate available at 

the regional level. 
0.0236 

Log (GDP) Logarithm of regional GDP in the region where the firm is located 5.23374 
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TABLE 2. ESTIMATED PARAMETERS OF THE DISEQUILIBRIUM MODEL. 

 

Switching regression model estimated by full information maximum 

likelihood (FIML) with fixed effects 

p-values in parenthesis 

Standard errors are clustered at the regional level 
 

 

Demand for bank loans 
Coefficient Std. Error 

   

Sales/total assets(t-1) 
0.6509*** 

(0.000) 
0.01 

Cash-flow/total assets(t-1) 
-2.2918*** 

(0.000) 
0.08 

Loan interest spread 
-1.4678*** 

(0.000) 
0.04 

Log(GDP) 
0.0232** 
(0.018) 

0.11 

  

Supply of bank loans  

   

Tangible fixed assets/total assets(t-1) 
2.4367*** 

(0.000) 
0.01 

Banks’ market power 
-0.9812*** 

(0.002) 
0.01 

Default risk 
0.000042 
(0.831) 

0.01 

Log(GDP) 
-0.0886** 

(0.014) 
0.09 

  

Reciprocal of total assets in the loan demand 

equation 
340228.0*** 

(0.000) 
1156.15 

Reciprocal of total assets in the loan supply 

equation 
211297.2*** 

(0.000) 
2170.12 

S.D. of demand equation 
1.5322*** 

(0.000) 
0.01 

S.D. of supply equation 
0.4688*** 

(0.000) 
0.01 

Correlation coefficient 
0.6749*** 

(0.000) 
0.07 

Log likelihood 158955 

Observations 278.073 

Number of firms 30.897 

 

 

* Statistically significant at 10% level 

** Statistically significant at 5% level 

*** Statistically significant at 1% level 
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TABLE 3. PERCENTAGE OF BORROWING CONSTRAINED FIRMS 

 
 

Time % 

Entire period (1994-2002) 33,90 

1994 34,62 

1995 31,88 

1996 34,22 

1997 32,30 

1998 34,25 

1999 34,93 

2000 35,16 

2001 34,14 

2002 33,60 
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TABLE 4.  FINANCING CONSTRAINTS, BANK LOANS, INVESTMENT AND 

CASH FLOW: BREAKDOWN BY SAMPLE ASSETS QUARTILES 
     

 

 

ALL SMEs 

 Constrained Unconstrained 

Differences in means: 

constrained vs. unconstrained 

(p-values) 

Bank loans/total liabilities 0.227 0.206 0.128 

Capital expendituret/ capitalt-1   0.309 0.346 0.041* 

Cash flowt/ capitalt-1   0.428 0.507 0.039* 

Cash flow-investment correlation 0.742 0.481 0.002* 

FIRST QUARTILE 

 Constrained Unconstrained 

Differences in means: 

constrained vs. unconstrained 

(p-values) 

Bank loans/total liabilities 0.212 0.151 0.006* 

Capital expendituret/ capitalt-1   0.267 0.304 0.010* 

Cash flowt/ capitalt-1   0.316 0.541 0.011* 

Cash flow-investment correlation 0.911 0.844 0.041* 

SECOND QUARTILE 

 Constrained Unconstrained 

Differences in means: 

constrained vs. unconstrained 

(p-values) 

Bank loans/total liabilities 0.227 0.202 0.013* 

Capital expendituret/ capitalt-1   0.289 0.320 0.009* 

Cash flowt/ capitalt-1   0.401 0.488 0.005* 

Cash flow-investment correlation 0.568 0.483 0.007* 

THIRD QUARTILE 

 Constrained Unconstrained 

Differences in means: 

constrained vs. unconstrained 

(p-values) 

Bank loans/total liabilities 0.249 0.221 0.021* 

Capital expendituret/ capitalt-1   0.344 0.336 0.132 

Cash flowt/ capitalt-1   0.467 0.516 0.011* 

Cash flow-investment correlation 0.415 0.353 0.016* 

FOURTH QUARTILE  

 Constrained Unconstrained 

Differences in means: 

constrained vs. unconstrained 

(p-values) 

Bank loans/total liabilities 0.202 0.200 0.225 

Capital expendituret/ capitalt-1   0.355 0.399 0.081* 

Cash flowt/ capitalt-1   0.559 0.538 0.033* 

Cash flow-investment correlation 0.427 0.356 0.016* 

* Differences in means are significant at the 5% level or lower. 
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TABLE 5.  FINANCING CONSTRAINTS, BANK LOANS, INVESTMENT AND 

CASH FLOW: BREAKDOWN BY SECTOR 
 

Sector 

% borrowing 

constrained 

firms 

Bank 

loans/total 

liabilities 

Capital 

expendituret  / 

capitalt-1 

Cash 

flowt/ 

capitalt-1 

Cash flow-

investment 

correlation 

MANUFACTURES OF FOOD PRODUCTS AND 

BEVERAGES 
26,29 0.208 0.348 0.523 0.421 

MANUFACTURES OF TEXTILES AND DRESS 41,73 0.243 0.287 0.341 0.404 

MANUFACTURES OF WOOD, PAPER, PRINTING 

AND RECORDED MEDIA PRODUCTS 
39,00 0.237 0.312 0.346 0.599 

MANUFACTURES OF CHEMICAL, PLASTIC, 

MINERAL AND METAL PRODUCTS 
35,29 0.232 0.302 0.382 0.577 

MANUFACTURES OF MACHINERY AND 

EQUIPMENT AND TRASNSPORT VEHICLES 
25,22 0.199 0.336 0.588 0.503 

MANUFACTURES OF FURNITURE AND 

RECYCLING 
34,89 0.236 0.301 0.411 0.437 

ELECTRICITY, GAS AND WATER SUPPLY 24,36 0.218 0.351 0.603 0.557 

CONSTRUCTION 22,43 0.240 0.353 0.449 0.634 

SALE, MAINTENANCE AND REPAIR OF MOTOR 

VEHICLES 
41,75 0.246 0.328 0.423 0.614 

WHOLESALE TRADE AND COMISSION TRADE 39,85 0.237 0.303 0.351 0.329 

HOTELS AND RESTAURANTS 48,43 0.251 0.317 0.488 0.555 

TRANSPORT SERVICES 21,31 0.197 0.303 0.538 0.329 

REAL STATE ACTIVITIES 30,46 0.207 0.298 0.403 0.346 

RENTING OF MACHINERY AND EQUIPMENT 32,14 0.213 0.304 0.416 0.530 

COMPUTER AND RELATED ACTIVITIES 37,44 0.220 0.331 0.374 0.587 

OTHER RETAIL TRADE PRODUCTS AND 

SERVICES 
30,36 0.204 0.311 0.412 0.431 

OTHER 33,33 0.211 0.321 0.502 0.488 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

967



 37 

 
 
 
 
 
 
TABLE 6.  UNCONSTRAINED FIRMS: PANEL DATA GRANGER PREDICTABILITY TESTS. 

FIRM FINANCING AND INVESTMENT (FULL EQUATIONS) (1994-2002) 
2SLS with instrumental variables.  (95% significance level) 

(p-values in parentheses) 
Standard errors are clustered at the regional level 

 
  

 

 (1) (2) (3) (4) (5) (6) 

 
Bank 

loans/total 

liabilities 

Capital 

expendituret/ 

capitalt-1 

Capital 

expendituret/ 

capitalt-1 

Accounts 

payable/ 

total 

liabilities 

Capital 

expendituret/ 

capitalt-1 

Payables 

turnover 

Constant 
0.01879* 
(0.014) 

0.03822* 
(0.018) 

0.03259* 
(0.021) 

0.01871* 
(0.031) 

0.03744* 
(0.026) 

-0.02154* 
(0.038) 

Dependent variablet-1 
0.02681* 
(0.031) 

0.03644* 
(0.029) 

0.02154* 
(0.026) 

-0.03325* 
(0.022) 

0.02559* 
(0.035) 

-0.01151* 
(0.036) 

(Capital expendituret/ capitalt-1) t-1 
0.6828 
(0.119) 

- - 
0.02663 
(0.441) 

- 
0.03448 
(0.226) 

Bank loans/total liabilities t-1 - 
0.22148** 

(0.002) 
- - - - 

Payables turnover t-1 - - - - 
0.12364 
(0.237) 

- 

(Accounts payable/ 

total liabilities) t-1 
- - 

0.11457 
(0.416) 

- - - 

Interbank interest rates 
-0.01250* 

(0.027) 
-0.01854* 

(0.019) 
-0.01328** 

(0.009) 
-0.02256 
(0.230) 

-0.01481* 
(0.022) 

-0.01264 
(0.188) 

Cash flowt/ capitalt-1   
0.02319 
(0.126) 

0.4921** 
(0.005) 

0.22594** 
(0.008) 

-0.25481 
(0.137) 

0.26142** 
(0.003) 

-0.30234 
(0.221) 

Sales growth 
0.0326 
(0.213) 

0.01241* 
(0.043) 

0.00985* 
(0.036) 

-0.02114 
(0.238) 

0.01029* 
(0.037) 

-0.02314 
(0.186) 

Defaults in trade credit  
-0.01977* 

(0.043) 
-0.01882* 

(0.031) 
-0.01884* 

(0.022) 
-0.01477* 

(0.021) 
-0.01633* 

(0.029) 
-0.03140* 

(0.025) 

F-test for overall significance (p-value) 0.092 0.002 0.034 0.067 0.045 0.058 

Sargan test (p-value) 0.129 0.149 0.202 0.152 0.187 0.123 

 
* significantly different from zero at 5% level 
** significantly different from zero at 1% level 
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TABLE 7. CONSTRAINED FIRMS: PANEL DATA GRANGER PREDICTABILITY TESTS. 

FIRM FINANCING AND INVESTMENT (FULL EQUATIONS) (1994-2002) 

2SLS with instrumental variables.  (95% significance level) 
(p-values in parentheses) 

Standard errors are clustered at the regional level 
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

 

 
 

 

 

 

 

 (1) (2) (3) (4) (5) (6) 

 
Bank 

loans/total 

liabilities 

Capital 

expendituret/ 

capitalt-1 

Capital 

expendituret/ 

capitalt-1 

Accounts 

payable/ 

total 

liabilities 

Capital 

expendituret/ 

capitalt-1 

Payables 

turnover 

       

Constant 
0.01359* 
(0.026) 

0.02639* 
(0.011) 

0.04339* 
(0.016) 

0.02663* 
(0.028) 

0.04118* 
(0.031) 

-0.02881* 
(0.021) 

Dependent variablet-1 
0.03308* 
(0.012) 

0.02541* 
(0.023) 

0.01772* 
(0.031) 

-0.05544* 
(0.022) 

0.02661* 
(0.041) 

-0.06224* 
(0.011) 

(Capital expendituret/ capitalt-1) t-1 
0.34290 
(0.193) 

- - 
0.01091 
(0.347) 

- 
0.01238 
(0.267) 

Bank loans/total liabilities t-1 - 
0.12088 
(0.210) 

- - - - 

Payables turnover t-1 - - - - 
0.53652** 

(0.003) 
- 

(Accounts payable/ 

total liabilities) t-1 
- - 

0.61178** 
(0.002) 

- - - 

Interbank interest rates 
-0.01358** 

(0.020) 
-0.03539* 

(0.029) 
-0.01880* 

(0.031) 
-0.03348 
(0.352) 

-0.01788* 
(0.018) 

-0.02504 
(0.142) 

Cash flowt/ capitalt-1   
0.03626 
(0.139) 

0.50244** 
(0.004) 

0.25447** 
(0.004) 

-0.3351 
(0.371) 

0.28440** 
(0.004) 

-0.42115 
(0.336) 

Sales growth 
0.01841 
(0.151) 

0.01327* 
(0.034) 

0.01541* 
(0.032) 

-0.00256 
(0.215) 

0.01661* 
(0.041) 

-0.00343 
(0.533) 

Defaults in trade credit  
-0.02150* 

(0.022) 
-0.02366 
(0.033) 

-0.01771* 
(0.031) 

-0.02270* 
(0.033) 

-0.02644* 
(0.014) 

-0.05607* 
(0.035) 

F-test for overall significance (p-value) 0.061 0.003 0.121 0.186 0.003 0.052 

Sargan test (p-value) 0.136 0.151 0.003 0.079 0.191 0.158 

 
* significantly different from zero at 5% level 
** significantly different from zero at 1% level 
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TABLE 8. A SWITCHING REGRESSION MODEL OF INVESTMENT WITH 

UNKNOWN SAMPLE SEPARATION AND TWO-REGIMES FOR 

CONSTRAINED AND UNCONSTRAINED FIRMS (1994-2002) 
Maximum likelihood with fixed effects 

 (Standard errors in parenthesis) 
Standard errors are clustered at the regional level 

 

Panel A. Main estimations for constrained and unconstrained firms.  
Dependent variable: Capital expendituret/ capitalt-1 

 Constrained Unconstrained 
p-values for coefficient 

differences 

Bank loans/total liabilities 
0.0993 
(0.079) 

0.1959** 
(0.083) 

0.000 

Cash flowt/ capitalt-1   
0.2705** 
(0.022) 

0.1239** 
(0.029) 

0.000 

Interbank interest rates 
0.0941** 
(0.077) 

0.1164** 
(0.080) 

0.041 

Assets tangibility 
0.0994** 
(0.078) 

0.1259** 
(0.083) 

0.036 

    

Panel B. Estimations for the Endogenous selection equation 

Regime selection variables 

Size 
-0.1861** 

(0.143) 

Sales growth 
-0.0566* 
(0.189) 

Tangibility 
-1.4683** 

(0.284) 

Financial slack 
0.848** 
(0.272) 

Log-likelihood (p-value in 

parenthesis) 

5143.7 
(0.000) 

Model P-value (single regime vs. 

two-regime) 
0.000 

 

* significantly different from zero at 5% level 
** significantly different from zero at 1% level 
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TABLE 8. 

(CONTINUED) 

 

Panel C. Main estimations for constrained and unconstrained firms.  
Dependent variable: Capital expendituret/ capitalt-1 

 Constrained Unconstrained 
p-values for coefficient 

differences 

(Accounts payable/total 

liabilities) t-1 
 

0.0652** 
(0.038) 

0.0319 
(0.064) 

0.000 

Cash flowt/ capitalt-1   
0.2642** 
(0.024) 

0.1018** 
(0.024) 

0.000 

Interbank interest rates 
0.0789** 
(0.059) 

0.1164** 
(0.080) 

0.002 

Assets tangibility 
0.0819** 
(0.071) 

0.1254** 
(0.080) 

0.003 

    

Panel D. Estimations for the Endogenous selection equation 

Regime selection variables 

Log(size) 
-0.1714** 

(0.131) 

Sales growth 
-0.0542** 

(0.175) 

Tangibility 
-1.2040** 

(0.191) 

Financial slack 
0.636** 
(0.270) 

Log-likelihood (p-value in 

parenthesis) 

7321.0 
(0.000) 

Model P-value (single regime vs. 

two-regime) 
0.000 

 

* significantly different from zero at 5% level 
** significantly different from zero at 1% level 

 
 
 
 
 
 
 
 
 
 
 
 

 

 

 

 

 

971



 41 

 

APPENDIX. SUMMARY OF PANEL DATA GRANGER PREDICTABILITY TESTS (1-3 

LAGS). FIRM FINANCING AND INVESTMENT: UNCONSTRAINED FIRMS VS. 

CONSTRAINED FIRMS.  (1994-2002) 
2SLS with instrumental variables.  (95% significance level) 

Standard errors are clustered at the regional level 
 

 

UNCONSTRAINED FIRMS 
“Bank loans/total liabilities” predicts “Capital expendituret / capitalt-1” “Capital expendituret / capitalt-1”predicts “Bank loans/total liabilities” 

 Lags (l)  F test  Lags (l) F test 

YES 1 10.13 NO 1 0.02 

YES 2 11.25 NO 2 0.09 

YES 3 7.80 NO 3 0.71 

“Payables turnover” predicts “Capital expendituret / capitalt-1” “Capital expendituret / capitalt-1” predicts “Payables turnover” 

 Lags (l) F test  lags (l) F test 

NO 1 0.21 NO 1 0.09 

NO 2 0.16 NO 2 0.07 

NO 3 0.08 NO 3 0.17 

“Accounts payable/total liabilities” predicts “Capital expendituret / 

capitalt-1” 

“Capital expendituret / capitalt-1” predicts “Accounts payable/ total 

liabilities” 

 Lags (l) F test  lags (l) F test 

NO 1 0.32 NO 1 0.06 

NO 2 0.11 NO 2 0.04 

NO 3 0.02 NO 3 0.14 

 

CONSTRAINED FIRMS 
“Bank loans/total liabilities” predicts “Capital expendituret / capitalt-1” “Capital expendituret / capitalt-1” predicts “Bank loans/total liabilities” 

 Lags (l)  F test  lags (l) F test 

NO 1 0.21 NO 1 0.03 

NO   2 0.08 NO 2 0.07 

NO 3 0.16 NO 3 0.09 

“Payables turnover ” predicts “Capital expendituret / capitalt-1” “Capital expendituret / capitalt-1” predicts “Payables turnover/ total 

liabilities” 

 Lags (l) F test  lags (l) F test 

YES 1 9.59 NO 1 0.07 

YES 2 11.42 NO 2 0.05 

YES 3 6.27 NO 3 0.03 

“Accounts payable/total liabilities” predicts “Capital expendituret / 

capitalt-1” 

“Capital expendituret / capitalt-1” predicts “Accounts payable/ total 

liabilities” 

 Lags (l) F test  lags (l) F test 

YES 1 11.16 NO 1 0.03 

YES 2 8.19 NO 2 0.04 

NO 3 0.05 NO 3 0.06 
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Abstract: This paper aims at analysing the mortality patterns of hedge funds, quanti-

fying contagion phenomena among individual funds and identifying the main deter-

minants of such contagion over the period January 1994 to May 2008. It also intends 

to evaluate whether contagion depends on portfolio diversification. Contagion is 

measured by the increase in default probability of hedge funds stemming from re-

demptions or liquidations experienced by other hedge funds. We find that diversifica-

tion of investment portfolios reduces the default probability of hedge funds, while it 

also amplifies the magnitude of contagion in periods of financial turmoil. Further-

more, contagion is more likely to materialise within funds following similar invest-

ment strategies than across different fund styles. Contagion within the same type of 

funds appears to be driven by redemptions and hedge fund collapses, while contagion 

across fund styles only arises as a response of fund liquidations. 
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1. Introduction 

Against the background of the financial turmoil, investigating the extent to which 

hedge funds may pose a risk for financial stability is of interest for policymakers.1 

The Financial Stability Forum (2007) identified three main sources of concerns from 

the hedge fund industry: a systemic risk arising from their excessive leverage, the po-

tentially disorderly impact of their failures on banks and markets, and a market dy-

namics issue related to their concentrated market positions. Although contagion 

among hedge funds was not considered as a main issue, identifying the propagation 

channels of tension from one fund to another may nevertheless prove to be particu-

larly important from a financial stability perspective. 

The financial stress experienced by the major prime brokers is likely to impact the 

hedge fund industry via increases in margin requirements or tightening of credit avail-

ability. There is therefore a risk that hedge funds could in fine have to withstand sig-

nificant financial shocks on the funding side, as well as on the asset side with the on-

going markets downturn. Contagion among hedge funds could then materialise and 

thereby affect the entire industry. In the current context, a cluster of hedge fund col-

lapses, larger than envisioned in the traditional default risk models of banks, may 

prove to be of key importance for bank regulatory authorities. Banks may de facto 

find themselves in a position of capital shortage. Furthermore, this could be even 

worse if contagion is present among hedge funds. This is precisely the discontinuous 

nature of contagion processes, when compared to cyclical patterns of corporate de-

fault correlations, which may call for an explicit accounting of hedge fund contagion 

phenomenon in the design of bank capital provisions (Giesecke, 2004). So far, policy 

debates about hedge funds have come up against a lack of empirical research on 

hedge fund contagion (Financial Stability Forum, 2007; Banque de France, 2007). 

                                                 

1 Unlike large banks and prime brokers, hedge funds so far have been rather unscathed by the correction in the 
credit derivative markets, with the notable exception of Bear Stearns in June 2007. The industry was however sup-
posed to be significantly involved in credit derivatives: the market share of hedge funds as sellers of credit protec-
tion has been estimated to amount to 32% in 2006 and to 31% for 2008, while as buyers of credit protection their 
market share was about 28% (British Bankers Association, 2006). Their investment was de facto concentrated on 
CDS rather than on CDOs. According to Greenwich Associates, they accounted for nearly 58% of all CDS trading 
volume and only 33% in CDOs in 2006 (cf. FitchRatings, 2007). 
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This paper aims to fill this gap by analysing the mortality patterns of hedge funds, 

quantifying contagion phenomena among individual funds and identifying the main 

determinants of contagion over the period January 1994 to May 2008. In particular, 

one dimension that will be investigated focuses on whether the degree of diversifica-

tion of individual investment portfolios might amplify contagion in periods of finan-

cial turmoil. This paper also intends, as in Boyson et al. (2007), to measure contagion 

within funds displaying similar investment strategies and across hedge funds pursuing 

different types of investment: contagion effects are expected to be of larger magnitude 

when occurring within funds with similar market and risk exposures. Finally, this pa-

per also seeks to provide policy recommendations about financial information that 

could be disclosed by hedge funds, based on an empirical assessment of the main 

variables driving hedge fund defaults. 

The definition of contagion in this paper departs from that in Boyson et al. (2007), 

Forbes and Rigobon (2002) or Pesaran and Pick (2007), where contagion is defined as 

asset prices moving more closely together in bad times than would be predicted using 

correlation. Contagion here refers to the situation where redemptions out of hedge 

funds’ capital and/or hedge funds’ collapses may induce financial stress to other funds 

in leading to an upward risk re-appraisal attached to the whole hedge fund industry. It 

is the shift from a good to a bad equilibrium, which triggers contagion via self-

fulfilling expectations propagating redemptions and collapses among hedge funds. 

From this definition, it results that our investigation of contagion patterns has to be 

performed at the level of individual hedge funds and excludes a priori any aggregat-

ing levels such as those chosen by Boyson et al. (2007).2 This furthermore allows us 

to investigate how fund’s characteristics such as the degree of portfolio diversification 

may aggravate or moderate contagion effects. Two contagion channels are present in 

this definition. The first contagion channel considered in this paper involves redemp-

tions by investors, which could trigger a loss of confidence in the hedge fund industry 

and thereby a run to the capital of other funds following the logic of ‘first-come, first-

served’. The second rests on a cluster of fund’s liquidations, which could lead to a re-

                                                 

2 Boyson et al. (2007) rely on three performance return indices of hedge funds: Arbitrage, Directional/Tactical and 
Event Driven as well as on some sub-indices and measure contagion by focussing on the co-incidences of large 
drops in extreme returns of hedge funds indices and of broad markets indices. 
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pricing of risk and prompt prime brokers to tighten financial conditions to all other 

hedge funds in addition to rising redemptions. Along these two channels, simultane-

ous forced asset liquidations may furthermore take place in potentially illiquid mar-

kets by funds under financial stress, which would tend to reduce their performance 

returns and in fine increase their default probability. 

To investigate the relevance of these two propagation mechanisms and provide 

thereby some kind of micro-foundations to contagion among hedge funds,3 we ana-

lyse a panel of monthly data covering about 5,500 hedge funds from January 1994 

through May 2008. The Lipper Tass database is used as it provides information on the 

liquidated funds, geographical focus and type of markets hedge funds have invested 

in. To assess contagion, we use a logistic framework assuming an underlying bino-

mial distribution as in Eichengreen et al. (1996) and Bae et al. (2003).4 The contagion 

in this paper is thus measured by the increase in default probability of hedge funds, 

which directly stems from redemptions or liquidations experienced by other hedge 

funds. However, the estimated model of contagion is not a structural model, so that 

rejecting the null hypothesis cannot be considered as a formal proof of contagion, but 

rather has to be regarded as being consistent with an effect capturing contagion within 

or across hedge fund styles (Eichengreen et al., 1996). To control for the effect of 

common shocks or common risk exposures driving the default probability we include 

indicator variables capturing economy-wide effects (Baquero et al., 2005; Chan et al., 

2005). Finally, our measure of portfolio diversification incorporates both a geographi-

cal and an asset type dimensions: to be classified as geographically diversified, a 

hedge fund has to invest both in mature and in emerging market economies (EMEs); 

its portfolio has also to be composed of at least two different types of assets. 

                                                 

3 Such target excludes de facto methods relying on copula functions used in extreme value theory (Longin and 
Solnik, 2001). 
4 This approach circumvents all the drawbacks of the contagion literature which tests the presence of contagion on 
the basis of rising correlations in stress periods (Baig and Goldfajn, 2002; Forbes and Rigobon, 2002). Statistical 
difficulties arise when testing correlation variation across different regimes. Furthermore, linear measures of con-
tagion may not prove appropriate owing to the discontinuous nature of asset price dynamics in stress periods and 
to the non-smooth nature of contagion processes in general. Finally, most hedge funds pursue investment strategies 
with non-linear pay-offs, which makes the use of linear correlation coefficients inappropriate (Agarwal and Naik, 
2004; Boyson et al., 2007). 
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We find that the likelihood of hedge fund default rises during stress periods, with the 

bulk of it stemming from contagion (77%), while the deterioration of hedge funds’ 

balance sheet accounts for the remaining part of it (23%). Furthermore, while diversi-

fication of investment portfolios reduces the default probability of hedge funds - with 

the greatest benefits stemming from the diversification in assets rather than from the 

geographical dimension - it also amplifies the magnitude of potential contagion. 

About one third of contagion effects, pushing the risk of funds failure upward, is due 

to diversification of portfolios. Our results also show that contagion is more likely to 

materialise within hedge funds pursuing similar investment strategies than across 

funds from different styles. In the first case, the main channels propagating tensions 

from one fund to another involve redemptions and liquidations. Investors tend to 

adopt a herding behaviour when observing capital outflows from funds with similar 

market and risk exposures as those in which they have invested in, aggravating further 

redemptions and propagating thereby the initial stress. Interestingly, our empirical re-

sults show the presence of a positive redemption channel as well, where the money 

being withdrawn from one style of hedge funds experiencing financial stress appears 

to benefit at least partially the other types of hedge funds. Large institutional investors 

are indeed likely to reallocate their investment portfolio in the same class of assets, 

offering a comparable risk return trade-off. The positive impact of such reallocations 

however appears significant only to the extent that the loss of confidence in the hedge 

fund industry as a whole is not largely widespread. In the presence of a cluster of 

hedge fund collapses, this positive channel tends to vanish. Finally, contagion across 

hedge funds from different types only emerges as a result of a cluster of hedge fund 

liquidations. 

The rest of the paper is organised as follows: section 2 presents the hedge fund data as 

well as some simple descriptive statistics. Section 3 describes the two contagion 

channels and the definition of the redemption and liquidation variables. It also pre-

sents the measures of portfolio diversification. Section 4 defines the empirical model-

ling of hedge fund liquidations and presents our estimation results. Section 5 provides 

policy recommendations about financial information which could be disclosed by 

hedge funds and section 6 concludes. 
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2. Data and descriptive statistics 

The Lipper Tass database provides information on monthly returns, on capital under 

management of individual hedge funds and on their governance structure, like cancel-

lation policy, incentive and management fees as well as on leverage.5 It also distin-

guishes between the ‘Live’ and ‘Graveyard’ funds. The Graveyard funds include 

seven sub-categories of funds: (i.) liquidated, (ii.) closed to new investment, (iii.) un-

able to contact, (iv.) dormant, (v.) no longer reporting to Lipper Tass, (vi.) merged in 

another entity and (vii.) unknown.6 Hedge funds report information to commercial 

data providers on a voluntary basis and may stop to do so for two main reasons. First, 

bad performance records could potentially trigger redemption and therefore a hedge 

fund could prefer to temporary suspend its recording, waiting for better performance. 

Second, to the extent that a free reporting to a data provider may provide some forms 

of advertising, the incentive to continue reporting diminishes significantly when the 

customer base reaches an adequate size. In the Lipper Tass database, the hedge funds 

that do not report any information for several months are transferred from a status of 

Live to Graveyard after a period of 8 to 10 months. This introduces a backfill bias, as 

using the August 2008 version of the database leads de facto to a possible misclassifi-

cation of funds from October 2007. However, the number of existing hedge funds in 

the August version of the database only plunges sharply from June 2008, so that our 

sample ends in May 2008. Furthermore, although Tass started to collect data since 

1974, it only reports information on dissolved funds since 1994. The period under 

consideration therefore extends from January 1994 to May 2008. 

The Lipper Tass database classifies hedge funds according to the investment strategy 

they follow: Convertible Arbitrage, Dedicated Short Bias, Emerging Markets, Equity 

Market Neutral, Event Driven, Fixed Income Arbitrage, Global Macro, Long / Short 

Equity, Managed Futures, Multi-Strategy and Funds of Hedge Funds. This classifica-

tion of investment strategies is used to measure contagion within and across hedge 

fund styles. 

                                                 

5 See Chan et al., (2005) and Baba and Goko (2006) for a more detailed description of the Lipper Tass database. 
6 Chan et al., (2005) use Graveyard funds rather than liquidated funds in their survival analysis, which introduces a 
bias as not all the Graveyard funds are liquidated (Fung and Hsieh, 1997). The survivorship bias is therefore likely 
to be underestimated (Liang, 2000; Baquero et al., 2005). 
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Owing to the numerous blanks in the Lipper Tass database, a procedure to filter the 

data was necessary. The process consists in dropping those funds that do report only 

quarterly observations, which do not have at least one full year of track record, and 

which do not provide information on their geographical focus or on the type of assets 

they have invested in. Furthermore, funds with more than three consecutive missing 

values in their assets under management have also been discarded.7 The initial sample 

– before data filtering – covers 6,905 alive funds and 4,842 Graveyard funds, of 

which 1,851 were liquidated. After filtering, the sample size turns then to be 5,501 

with 2,653 alive and 2,653 Graveyard funds, of which 1,144 funds were liquidated, 

which corresponds to about 53% of funds being dropped from the initial sample. Ta-

ble 1 displays descriptive statistics on the population dynamics of hedge funds, (i.e. 

total number of hedge funds, new entries, exits and liquidation rates) before and after 

the filtering process. Table 2 presents summary statistics on monthly returns and as-

sets under management of total, alive and liquidated funds. The liquidated funds have 

significantly lower, but not necessarily more volatile, returns than the alive funds. 

Control variables: In order to isolate the impact of contagion on hedge fund mortality 

patterns, control variables are introduced, which encompass two types of information: 

yearly dummies as well as fund-specific characteristics that prove to be significant in 

explaining survival rates of hedge funds.8 Hedge fund characteristics include current 

and lagged returns, assets under management, capital flows and age. They also com-

prise incentive and management fees, high watermark9, variables capturing cancella-

tion policy such as redemption notice period and frequency, lock-up and payout peri-

                                                 

7 For example, Chan et al. (2005) and Baba and Goko (2006) impose two years of track record for a hedge fund to 
be kept in the sample and also require that funds report all the necessary data without a break over their life time. 
In our paper, the selection criteria on these two aspects have been less demanding. This is because funds to be kept 
in our sample were required to provide additional information on their investment, i.e. geographical focus and type 
of assets they have invested in. This leads de facto to an additional drop of about 27% funds from the initial sam-
ple. Missing values for assets under management have been filled using the available monthly performance return. 
8 Brown, Goetzmann and Park (2001) find that survival depends on performance returns, excess volatility and on 
fund age. Chan et al. (2005) show that age, capital, cumulative returns and fund flows decrease the default prob-
ability of hedge funds. Baquero et al. (2005) show that the higher the size and past returns the lower the default 
probability; they do not find any significant relationship between incentive fees and survival rates. Baba and Goko 
(2006) show that funds with higher returns, assets under management, fund flows and a longer redemption notice 
period together with a lower redemption frequency have a higher survival probability, while funds with elevated 
incentive fees display lower survival probabilities. Gregoriou (2002) finds that leverage, returns and capital matter 
for hedge funds’ probability of default.  
9 With a high watermark, a hedge fund manager will only receive performance fees if he did not loose money over 
a period. If the investment value drops below its previous greatest one, then the manager must bring it back above 
the high watermark before receiving a performance bonus again.  
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ods, as well as minimum investment.10 Information about leverage and investment in 

derivatives such as options and swaps are also included in the analysis. Finally, yearly 

dummies intend to capture the impact of common shocks such as broad market per-

formance on default probability of hedge funds.  

3. Definition of contagion and diversification 

3.1. Contagion channels and measurement of contagion variables  

The main objectives of this paper are to investigate (i.) whether contagion is more 

likely to materialise within the same type of hedge funds than across hedge funds fol-

lowing different investment strategies and (ii.) whether portfolio diversification of 

hedge funds amplifies or dampens contagion.  

Contagion is defined as a situation where redemptions out of hedge funds’ capital 

and/or hedge fund collapses may induce financial stress to other funds in triggering an 

upward risk re-appraisal attached to the whole hedge fund industry. It is the shift from 

a good to a bad equilibrium that triggers contagion via self-fulfilling expectations 

propagating redemptions and collapses among hedge funds. Such definition appears 

consistent with the literature that attempts to distinguish between contagion and inter-

dependence (Masson, 1999; Pesaran and Pick, 2007; Forbes and Rigobon, 2002). It is 

also in line with the approach distinguishing contagion from common shocks or corre-

lated exposures to risk factors, whose co-movements cause correlated changes in con-

ditional default probabilities, to account for default clusters (Das et al., 2007). Our 

definition of contagion means that hedge fund collapses and/or redemptions can in-

crease the probability of other funds being liquidated, above what would be implied 

by common shocks and interdependences prevailing between hedge funds in calm pe-

riods. Such definition has important implications. In periods of financial crises or 

market downturns, when markets usually display much higher correlations than in 

quiet times, the diversification of portfolios across types of assets or geographical fo-

cus might bring less diversification benefits than anticipated (Butler and Joaquin, 

                                                 

10 The lock-up period refers to the time during which the invested money in a hedge fund cannot be withdrawn. 
The payout period is the period before which the investor will not get any return from his investment in the hedge 
fund’s capital.  
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2002). It could even increase the default probability of hedge funds in stress periods, 

if contagion effects prove to more than offset the positive diversification benefits ex-

pected in tranquil times.  

Two contagion channels are identified through which financial stress experienced by 

one hedge fund may propagate to others. The first involves redemptions spreading 

among hedge funds, while the second implies a cluster of collapses of funds. Follow-

ing Allen and Gale (2000), we can argue that with incomplete information about the 

financial health of hedge funds, investors and prime brokers may rationally take into 

account observed hedge fund collapses and redemptions, when forming their priors 

about the risk of default of funds.11 Contagion is therefore measured by the increase in 

default probability of hedge funds arising directly from redemptions and/or liquida-

tions experienced by other funds. 

Redemption channel: Investors observing significant capital outflows from hedge 

funds could adopt a herding behaviour by withdrawing their own money as well, amid 

a loss of confidence in the whole industry suddenly perceived as too risky. Runs may 

affect hedge funds as their portfolios include illiquid assets, which would be difficult 

to liquidate in crisis periods. The logic of ‘first-come, first-served’ which traditionally 

applies to bank runs is then also relevant in the case of hedge funds. Our priors are 

following: a high redemption rate is likely to increase the default probability of funds 

belonging to the same style, as they have a high probability to be exposed to the same 

type of markets and risks. By contrast, the impact of redemptions of funds from other 

styles is a priori undetermined. Redemptions from one type of hedge funds may in-

deed potentially benefit the other types of funds: large institutional investors12 that 

have to invest a certain proportion of their portfolio in risky assets may not simply 

                                                 

11 Our definition is also consistent with the distinction made by Allen and Gale (2000), where the presence of im-
perfect information may create a channel of contagion. “If a shock in one region serves as a signal predicting a 
shock in another region, then a crisis in one region may create a self-fulfilling expectation of a crisis in another 
region.” In the case of hedge funds, the issue of incomplete information may be more accurate than in the case of 
banks, as for the latter quoted equity prices or bond spreads allow investors to monitor the financial health of these 
institutions. Unlike for banks, investors in hedge funds are not able to precisely assess their nearness to default and 
have to form some prior distribution on funds’ default. Such priors have therefore the potential to change abruptly. 
12 Hedge funds rely on large investors’ money such as pension funds or high net-worth individuals to finance their 
activity. The share of large institutional investors in the hedge fund capital has been rising over the last years and 
reached more than 30% at the end of 2005 and is expected to increase further with the ageing of the population 
(Casey et al., 2006). 
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withdraw their money out of the hedge fund industry and keep it in cash. It could be 

rational for them to look at other investment opportunities with similar risk/return 

characteristics and seek other hedge funds to invest in. Therefore, if investors are able 

to discriminate between hedge funds, a positive redemption channel may not be ex-

cluded across types of hedge funds. The redemption rate is defined as the ratio of the 

absolute value of total outflows from hedge funds’ capital in a given month to the sum 

of total in- and outflows (in absolute value) over the same month. Redemptions taking 

place within hedge funds of the same investment style are distinguished from redemp-

tions occurring across different types of hedge fund. 

Liquidation channel: A cluster of hedge fund collapses is also very likely to influence 

the default probability of other funds. In addition to the risk of run by investors, this 

could trigger an upward revision of risk attached to the hedge fund industry from 

prime brokers. Given the high level of concentration of the prime brokerage business, 

this could trigger a widespread tightening of financial conditions to other funds. For 

example, prime brokers could decide to increase hedge funds’ margin requirements, 

reduce their maximum leverage limit or credit lines, thereby propagating initial stress 

within the industry (Chowdry and Nanda, 1998). As a result, hedge funds operating 

near their maximum leverage limit could then be forced to simultaneously liquidate 

their assets in unfavourable market conditions (Ewerhart and Valla, 2007). Declining 

fund’s returns and rising default probability could then follow. The effect may be 

magnified if bankruptcies occur within funds displaying similar risk and market expo-

sures (Cifuentes et al. 2005). Forced liquidations of concentrated market positions are 

more likely to take place in illiquid markets (crowded trades). The liquidation rate, 

either occurring within the same hedge funds style or across different types of funds, 

is defined as the number of collapses during one month to the number of existing 

funds at the end of the same month.  

3.2. Definition and measurement of portfolios diversification 

A policy issue of interest is to investigate whether well diversified investment portfo-

lios tend to lower the default probability of hedge funds both in quiet and in stress pe-

riods. In calm times, we could expect that diversifying risks increases the survival 

probability, as empirical evidence rather tends to document positive international di-
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versification benefits, when emerging markets (EM) are involved.13 Therefore, the 

variance of hedge fund portfolios could be reduced for a given level of expected re-

turns, when extending the geographical focus to EM, even after accounting for their 

short-sale constraints and high transaction costs (Li et al., 2003). Although hedge 

funds use to prefer rather liquid markets as they may exit them rapidly without incur-

ring prohibitive costs of liquidation, a significant proportion of funds invests in 

emerging markets (59%)14. We could then expect that they get positive benefits from 

international diversification at least in tranquil periods. On the other hand, during fi-

nancial turmoil diversified portfolios could also amplify contagion effects, potentially 

offsetting positive benefits of diversification. The final impact is therefore undeter-

mined. 

To assess the effect of diversification on hedge fund default patterns, it is crucial to 

measure diversification correctly in the first place. Yet the use of the Lipper Tass da-

tabase for this purpose raises several concerns. Each fund reports in which geographi-

cal areas it invests, for example in India and in the US. However, no quantitative data 

are available to gauge the proportion of investment in each region.15 The same caveat 

applies for the type of assets: hedge funds only report whether they invest in equities, 

fixed-income, currencies, commodities or property (or a combination of these assets). 

Therefore, based on the available information, the evaluation about the degree of di-

versification of hedge fund portfolios can only be qualitative. Several sets of dummies 

are introduced to classify hedge funds as either ‘diversified from a geographical per-

spective’ or ‘diversified in terms of asset types’ or ‘diversified according to the two 

dimensions’ or ‘not diversified at all’. 

                                                 

13 The early studies that ignored short-sale constraints and market frictions have documented low correlation 
across international markets and some diversification benefits (Harvey, 1995; Bekaert and Urias, 1996; De Santis 
and Gerard, 1997). For those studies that account for the short-sale constraints, empirical evidence has been rather 
mixed. On the one hand, De Roon et al. (2001) showed that after major liberalisation in emerging markets, diversi-
fication benefits vanish once such market frictions are taken into account. On the other hand, Li et al. (2003) show 
that international diversification benefits remain substantial for US equity investors even when they are prohibited 
from short-selling in emerging markets, while Driessen and Laeven (2007) also find that global diversification 
benefits remain large after controlling for short-sales constraints in developing stock markets. 
14 10% of hedge funds invest only in EMEs, 10% disclose to invest both in EMEs and in mature markets, while 
39% declare to invest globally, which has been treated as involving an investment in EMEs.  
15 In the Lipper Tass database, there are seven emerging market areas (Africa, Asia-Pacific excluding Japan, Asia-
Pacific, Eastern Europe, India, Latin America and Russia), while there are seven mature geographical focuses 
(United States, Japan, North America, United Kingdom, Western Europe, Western Europe excluding UK, North 
America excluding the US). 
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Geographical diversification dimension: Our definition of geographical diversifica-

tion rests on the distinction between mature and emerging markets. One could expect 

a low correlation between asset returns from EMEs and mature economies and there-

fore positive diversification benefits reducing the default probability of hedge funds. 

The dummy equals 1 if a hedge fund invests simultaneously in mature and emerging 

markets and 0 otherwise.16 About 49% of hedge funds in the filtered database reports 

that they invest in these two geographical areas, while about 41% only invest in ma-

ture economies and 10% only in emerging market economies. 

Assets diversification dimension: A portfolio is assumed to be diversified if it encom-

passes at least two different types of assets, such as equities and bonds. In a first step, 

the asset diversification dummy is equal to 1 in this case and 0 otherwise. Further-

more, we want to measure the potential different benefits of diversification from an 

initial situation where portfolios are either composed of equities only or of bonds 

only. Therefore we define an additional variable that has three outcomes: (i.) invested 

only in equities, (ii.) invested only in bonds, (iii.) diversified in equities and bonds.17 

In the filtered database, about 86% of hedge funds report that they invest in equities, 

while 45% invest in both equities and bonds. 

Both geographical and asset diversification: Another set of dummies is introduced, 

which combines the two previous diversification dimensions. Hedge funds are then 

classified as (i.) diversified in the two dimensions (36%), (ii.) not diversified at all 

(27%), (iii.) diversified in assets (24%) or (iv.) geographically diversified (13%). Ta-

ble 3 presents statistics on the population dynamics of hedge funds for each of the di-

versification dimensions. Hedge funds with a diversified investment portfolio along 

the two dimensions display the lowest rate of liquidation most of the time. By con-

trast, those funds with non-diversified portfolios present the highest levels of liquida-

tion rate at least since 2001, except for 2008. 

                                                 

16 Hedge funds which report to follow a global investment strategy are classified as diversified in our definition, 
while those funds that do not provide any information on this issue or that report to invest in “other” areas have 
been discarded from the analysis.  
17 We ignore two other possible categories: (i.) not diversified in the other asset classes like commodities or cur-
rencies and (ii.) diversified in other categories than equities and bonds. Since the non-diversified portfolios in these 
asset classes account for a very small proportion of hedge funds, we don’t present the estimation results for these 
categories. Empirical results are available upon request.  
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4. Empirical results  

This section aims at assessing whether contagion is more likely to materialise within 

hedge funds following similar strategies than across funds from different styles over 

the period January 1994 to May 2008.18 It also intends to gauge the impact of portfo-

lio diversification on contagion: is contagion more probable in the presence of diversi-

fied investment portfolios as opposed to concentrated market positions? Is there any 

difference between calm and stress periods? The modelling of hedge funds’ liquida-

tion process and estimation of the baseline model are described first. Then, the em-

pirical results of the two contagion channels are presented. Finally, the effect of port-

folio diversification on funds’ default patterns is investigated. 

4.1. Baseline model 

Our specification of the liquidation process uses a binary logit model, which explains 

the outcome of a continuous latent variable *
,tiy , representing the unobserved default 

probability of fund i at time t, by a matrix of explanatory variables ix :19 

 tiitiy ,
*
, ε+= βx . (1)

To estimate this model we use a sample of N hedge funds i = {1, 2, …, N}, observed 

during T periods t = {1, 2, …, T}. Each hedge fund i in every month t is classified as 

either liquidated or alive.20 This information is specified by the indicator variable yi,t, 

which is linked to the latent default probability *
,tiy  in the following way: 
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18 Due to a backfill bias, the sample discards June - July 2008 data. Reducing the sample further does not signifi-
cantly change the results. 
19 As some explanatory variables enter equation (1) with lags and to simplify notation, the time index t is omitted. 
20 The Graveyard funds that are not liquidated are not excluded from the sample, but are treated as alive in order to 
reduce a potential “survivorship bias”. Results, which are available upon request, are not significantly different 
when non-liquidated Graveyard funds are excluded from the estimation. 
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The probability that a fund i liquidates at time t, conditional on the values of the ex-

planatory variables, is then given by: 
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The baseline model is specified as follows: 
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where the vector of hedge fund characteristics ix includes age, returns, size and flows 

to the fund as well as information on the fees’ structure, cancellation policy and in-

vestment in derivatives. In order to account for economy-wide effects, indicator vari-

ables for 14 out of 15 calendar years denoted by tihyear ,,  are included.21 We expect a 

negative sign for the coefficients of age, returns, size and flows since older, more suc-

cessful, bigger funds and those with larger inflows are less likely to default (cf. e.g. 

Chan et al., 2005 and Baquero et al., 2005). Moreover, we expect a high watermark, 

low redemption frequency, high redemption notice and lock-up periods to reduce the 

probability of collapsing (Goetzmann et al., 2003; Brown et al., 2001; Panageas and 

Westerfield, 2008). 

The logit models are estimated by maximum likelihood through pooled regressions, 

which allows the right censoring issue to be dealt with.22 In order to ease the conver-

gence during the estimation and simplify the comparison of coefficients, all non-

indicator variables have been standardised to have a zero mean and a standard devia-

tion of one. The results of the baseline model are presented in the first column of Ta-

ble 4. As expected, fund returns, size and flows reduce hedge funds’ default probabil-

                                                 

21 We also included macroeconomic variables such as the 3-month US t-bill, broad stock and bond indices, but 
they turned out to be not significant. They have therefore been dropped from the list of regressors. 
22 A right censoring issue generally arises in survival analysis as most of the agents observed over a given period 
did not experience the ‘event’, which requires maximum likelihood estimation. 

986



15 

ity.23 This is in line with the findings of Chan et al. (2005) and mostly consistent with 

Baba and Goko (2006) and Baquero et al. (2005). Regarding the fees’ structure, man-

agement fees prove to be insignificant, while higher incentive fees increase the risk of 

hedge fund collapse. Furthermore, we find that a high watermark lowers the default 

probability, which could reflect the incentive for fund managers to implement less 

risky investment strategies. Focussing on cancellation policy, our empirical results 

show that the longer the redemption notice and payout periods, the lower the default 

probability. Furthermore, the industry practice to close down a hedge fund at the end 

of the year seems to be reflected in the large positive coefficient of the Month 12 

dummy. Finally, investment in options and swaps tends to be related to a higher de-

fault probability. 

4.2. Contagion within and across hedge fund styles 

This section presents the procedure for testing the presence of contagion within and 

across hedge fund types as well as the empirical results regarding the significance of 

redemption and liquidation channels. These two channels are tested separately in 

equation (5a) and then simultaneously in (5b): 
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(5b)

where sk
jtic ,

, −  defines the variable capturing contagion channels, with k=1 (k=2) refer-

ring to the redemption (liquidation) variable, and with s=w (s=a) denoting contagion 

within (across) hedge fund styles corresponding to fund i at time t-j. The coefficient 
wk

j
,γ  ( ak

j
,γ ) measures the contagion effect within (across) hedge fund styles in month 

t-j. 

                                                 

23 Following Chan et al. (2005) and Baba and Goko (2006) we include only assets under management in t-1 in the 
estimation to avoid multicollinearity problems. Using assets under management in t instead yields almost identical 
results. 
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The estimation results on contagion are presented in columns 2 to 4 of Table 4. Col-

umn 2 shows that the higher the redemption ratio within hedge funds of the same 

style, the higher the likelihood of a default. Interestingly, a higher redemption ratio 

across hedge funds from a different style in month t is related to a lower default prob-

ability in month t+1. This result indicates the presence of a positive redemption chan-

nel: if investors withdraw their capital from some hedge funds, they may decide to 

shift this money to other hedge funds that do not display similar investment and risk 

patterns, but whose expected returns yet remain above other asset classes. Depending 

on redemption frequencies and notice periods, these reallocations may take some time 

to materialise so that only the lagged coefficient on redemption across hedge fund 

styles appears to be significant. 

Regarding the second contagion channel, column 3 (Table 4) shows that a higher liq-

uidation rate, irrespective of taking place within or across hedge fund styles, increases 

the default probability of all other funds. The effect is much larger when these col-

lapses occur within hedge funds from the same type than across hedge fund styles. 

Compared with the redemption channel, the effect of liquidations on default probabil-

ity appears to be more pronounced and there is no positive channel from investors re-

allocating their capital within the hedge fund industry. Actually we observe the oppo-

site. Fund collapses by producing significant capital losses to investors raise the de-

fault probability across all fund styles.  

When testing simultaneously the relevance of the two contagion channels, the coeffi-

cients on liquidation rates remain significant and almost unchanged. By contrast, the 

coefficient on the redemption ratio within hedge funds following similar investment 

strategies is reduced, while that on the redemption rate across hedge fund types turns 

out to be insignificant (column 4, Table 4). This shows that the positive redemption 

channel might not be very robust in presence of a cluster of hedge fund liquidations. 

Such positive channel seems therefore to materialise when the loss of confidence in 

the hedge fund industry is not too widespread and virulent. Finally, we also test and 

reject the null hypothesis { } { } { }2,1,1,0,,,0: ,
0 =∀=∀=∀= kjawsH sk

jγ  that the co-

efficients on redemption ratios and liquidation rates within and across hedge fund 
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styles are simultaneously non-significant.24 Contagion effects from the two identified 

channels have therefore significantly increased the default probability of hedge funds 

over the period under consideration. Although rejecting the null hypothesis is not a 

formal proof of contagion, it is at least consistent with the presence of contagion ef-

fects within and across hedge fund types. 

4.3. Effect of diversification  

This section aims at evaluating whether contagion effects are magnified or reduced if 

investment portfolios of hedge funds are diversified. We could expect that well diver-

sified portfolios reduce the default probability of hedge funds in calm periods, 

whereas it could increase contagion potential during periods of financial stress. We 

first analyse the impact of diversification on default probability, before introducing 

contagion channels in the estimation. 

4.3.1. Effect of diversification on default probability 

The impact of diversification on default probability of hedge funds is investigated in 

three stages. First, we evaluate the effect of the two diversification dimensions (geog-

raphy and assets) separately. That is, 

 2,1for ,

14

1
,,

*
, =++++= ∑

=

ddivyeary ti
dd

h
tihhiti i

εδφα βx  (6a)

where the dummy variable d
i

div  equals 1 if hedge fund i is diversified and 0 other-

wise. The superscript d refers to the diversification dimension, with d=1 for geogra-

phy and d=2 for the type of assets. As expected, a diversified portfolio tends to reduce 

the default probability of hedge funds, suggesting the presence of some positive di-

versification benefits (Table 5). Such findings hold for a portfolio diversified from a 

geographical or from an assets perspective, with the geographical diversification be-

tween mature and emerging markets having the smallest impact in lowering the de-

fault probability (columns 1 to 2). 

                                                 

24 The value of the corresponding likelihood ratio (LR) test is given in the lower part of Table 4. 
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Second, we investigate more into detail the diversification dimension related to the 

asset types. We distinguish three possible states for a portfolio: (i.) invested in equi-

ties only ( 1
iadiv ), (ii.) invested in bonds only ( 2

iadiv ), (iii.) diversified in equities and 

bonds ( 3
iadiv ). Since the asset diversification dimension has three outcomes, each of 

these dummies is used once as a reference category in the estimation, displayed in 

columns 3 to 5 in Table 5. As an example, the following equation uses 1
iadiv  as the 

reference category: 

 tiii
h

tihhiti adivadivyeary ,
3322

14

1
,,

*
, εηηφα +++++= ∑

=

βx , (6b)

where the coefficient 3η  measures the effect on the default probability of a shift from 

a portfolio composed of only equities to a diversified portfolio in assets. From the es-

timation, it turns out that a fund with a non-diversified portfolio would significantly 

reduce its default probability by increasing the number of assets in his portfolio. Such 

positive effect appears to be greater when the fund has initially invested in equities 

(cf. -0.323, column 3 compared to -0.309, column 4). 

Third, the combination of the two diversification dimensions – assets and geography – 

is analysed. A new variable is introduced, which has four outcomes: (i.) diversified 

geographically and in assets ( 1
icdiv ), (ii.) not diversified at all ( 2

icdiv ), (iii.) diversi-

fied in assets only ( 3
icdiv ), (iv.) diversified geographically only ( 4

icdiv ). As an exam-

ple, when 2
icdiv  is taken as the reference category, the specification turns to:  

 tiiii
h

tihhiti cdivcdivcdivyeary ,
443311

14

1
,,

*
, εκκκφα ++++++= ∑

=

βx , (6c)

where pκ  measures the effect of diversifying a portfolio from a situation where the 

portfolio is initially not diversified at all. The effect of diversification on default prob-

ability when both the geographical and the asset dimensions are combined is pre-

sented in columns 6 to 9 in Table 5. The largest diversification benefits arise when a 

fund is not diversified at all and decides to diversify its portfolio both geographically 

and in terms of assets (-0.356, column 7). Interestingly, as in section 4.3.1, the bene-
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fits brought by geographical diversification (-0.194, column 8) appear lower than 

those stemming from diversification in assets (-0.298, column 9). Testing the null hy-

pothesis { }4,3,1,0:0 =∀= pH pκ  reveals that the diversification of portfolios re-

duces the default probability of hedge funds significantly.25 

4.3.2. Effect of diversification on contagion 

In a next step, interaction variables are introduced combining contagion with diversi-

fication to test whether contagion effects are amplified through diversification. As an 

example, a non-diversified portfolio ( )2
icdiv  is taken as the reference category: 
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A positive wkp
j

,,ϕ  or akp
j

,,ϕ  refers to contagion effects being amplified by the presence 

of a diversified portfolio. The overall effect of diversification on default probability is 

a priori undetermined. On the one hand, one would expect diversification itself to re-

duce the default probability, i.e. 0<pκ . On the other hand, being diversified increase 

risk exposures and therefore raises the probability of being affected by contagion. The 

results of the model with interaction variables are reported in Table 6, where each of 

the four diversification dummies is taken once as a reference category (columns 1 to 

4). Our prior is that diversified funds are more likely to be exposed to a larger spec-

trum of shocks, including those arising from other hedge funds with similar geo-

graphical or asset type exposures. 

Column 2 shows that a hedge fund with a non-diversified portfolio would tend to re-

duce significantly its default probability in engaging into both a geographical and as-

set diversification (-0.423). However, doing so, it would also increase its risk of col-

lapsing from the redemption contagion channel within and across hedge fund styles. 

                                                 

25 The corresponding value of the LR-test is given in the lower part of Table 5. 
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A shift towards a fully diversified portfolio at time t would rise the default probability 

within hedge fund styles in t (0.290), while redemption across funds following differ-

ent investment strategies would have a similar aggregated effect, albeit with a much 

lower magnitude (-0.204 in t and 0.247 in t-1). Similarly, starting from a situation 

where a fund has a portfolio diversified in assets only (column 3), it would reduce its 

default probability in investing in both mature and emerging markets (-0.262), while it 

would also increase its risk of failure from the liquidation and redemption channels 

(cf. 0.080 and 0.245 respectively).26 

Finally, we test the null hypothesis that the impact of contagion channels on default 

probability does not depend on the level of diversification. That is, we test whether 

the interaction terms provide no significant additional explanatory power, compared 

to the model including the baseline scenario and the variables capturing contagion ef-

fects and diversification. The corresponding likelihood-ratio test displayed in the 

lower part of Table 6, leads to a rejection of the null hypothesis at the 5% level. It is 

consistent with the diversification of investment portfolios raising the risk of default 

of hedge funds through significant contagion phenomena among hedge funds. 

5. Policy implications  

This section aims at providing a list of variables that have a significant impact on 

hedge funds’ default and for which disclosure might be valuable from a transparency 

and financial stability perspective. To do so, a two-step procedure is followed. First, 

the influence of each individual variable on mortality patterns of funds is assessed 

separately. Second, to the extent that such variables may have a differentiated impact 

in quiet and stress periods, their effects on default probability are evaluated when the 

regime shifts from a tranquil to a crisis state. The aggregation of these individual ef-

fects gives then an insight into the role of contagion in triggering hedge fund failures. 

To isolate the impact of individual explanatory variables on the default probability of 

hedge funds, we compute the marginal effect of a one standard deviation shock to 

                                                 

26 A fund with a geographically diversified portfolio (column 4), which would change its degree of diversification 
would then reduce the impact of a contagion channel. It seems therefore that the most powerful contagion channel 
involves geographical exposures rather than exposure through a large spectrum of assets. 

992



21 

each regressor, all other variables being unchanged.27 An initial default probability is 

calculated first, where all explanatory variables are set to their sample mean and the 

dummy variables to zero. This yields a baseline default probability of 0.11% (first 

column, Table 7). The default probability resulting from each explanatory variable 

being shocked by one standard deviation is presented in column 2. The marginal ef-

fect of each regressor is calculated as the difference between the two default prob-

abilities (column 3).28 As a result, hedge fund capital, high watermark, diversification 

of investment portfolios and redemption notice period have the largest individual ef-

fect in lowering the default probability. Other hedge fund characteristics also dampen 

the risk of hedge funds failure, albeit with a lower impact: capital inflows, returns, 

payout and lock-up periods as well as redemptions across hedge fund styles. On the 

other hand, the variables contributing to a significant increase in default probability 

are the liquidation rate within funds pursuing similar investment strategies, investment 

in derivatives, incentive fees and redemptions associated with portfolios’ diversifica-

tion. Such information could be disclosed by hedge funds on a regular basis. 

In addition, we attempt to assess to which extend changes in default probability be-

tween a quiet and a stress period stem from deteriorating hedge fund balance sheets or 

from contagion phenomena. Table 8 presents the marginal effects of these two blocks 

of variables (i.) time-varying hedge fund variables such as returns, capital under man-

agement, flows and (ii.) variables capturing contagion effects.29 All other fund-

specific characteristics such as redemption frequency or lock-up period are de facto 

invariant during a crisis. The first column contains the ‘non-crisis’ default probability, 

calculated in setting all time-varying characteristics to their average in 1997, defined 

as the ‘non-crisis’ period and all other variables to their standardised sample means of 

zero. This monthly default probability is equal to 0.09%. Column 2 presents the de-

fault probability corresponding to each regressor being set to its ‘crisis’ value ceteris 

                                                 

27 The computation of marginal effects is based on a simplified model combining contagion channels with an in-
teracting binary diversification variable, which equals 1 when funds are diversified according to the geographical 
and asset dimensions and 0 otherwise. Only variables that are significant at a 5% level are disclosed in Tables 7 
and 8. 
28 For dummy variables the marginal effects are calculated by setting their values to one. 
29 This approach does not intend to provide general results on the change of default probability during crisis peri-
ods. It rather aims at using a concrete ‘crisis’ period in the past to evaluate the effect of specific variables on the 
default probability of hedge funds. 
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paribus, set to 1998. The marginal effect, calculated as the difference in default prob-

ability between column 1 and 2, is presented in column 3. 

It turns out that the risk of hedge funds’ collapse increases by about 49% when the 

regime shifts from a tranquil to a crisis state. Interestingly, the variables that prove to 

have the largest impact in increasing the default probability of hedge funds in crisis 

periods are those capturing contagion effects, which account for about 77% of it. De-

teriorating performance of hedge funds during the crisis appears to have a much 

smaller influence with a contribution of only 23% (column 4).30 Furthermore, diversi-

fication of investment portfolios proves to matter in driving contagion: it explains 

about 30% of the rise in default probability coming from contagion effects. However, 

it is worth noting that the total effects of contagion on hedge fund mortality patterns 

appears contained given the low levels of default probability of funds in quiet periods. 

6. Conclusion 

The paper investigates the determinants of hedge fund failures over the period 1994 to 

May 2008. It turns out that contagion effects account for the bulk of the rise in default 

probability in periods of financial stress (about 77%) while the financial health of 

hedge funds proves to play a limited role only (23%). Furthermore, we show that con-

tagion phenomena are more likely to materialise within funds following similar in-

vestment strategies than across different hedge fund styles. Contagion within the same 

type of funds appears to be driven by fund collapses and redemptions, while conta-

gion across fund’s styles only materialises as a response of liquidations of funds. The 

impact of liquidation rates on the risk of fund collapse proves to be of much greater 

magnitude than that of redemption ratio. Information about investors withdrawals 

may be less directly available than that about fund bankruptcies and it may also be 

less powerful in triggering an upward risk re-pricing attached to the whole hedge fund 

industry by investors and prime brokers. 

                                                 

30 Marginal effects are summed up for two classes of information in column 4 (Table 8): hedge fund balance sheet 
data and contagion effects. Due to the non-linear relationship between the dependent variable and the regressors in 
a logit model as well as to the introduction of interaction terms in the estimation, this procedure is not perfectly 
appropriate. We assume that the marginal effect of all regressors adds up to the total change in default probability 
when comparing a model with ‘non-crisis’ and ‘crisis’ values. 
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This paper also assesses the impact of portfolio diversification on contagion among 

hedge funds. We find that risk diversification tends to reduce hedge fund default 

probability in quiet periods, with diversification in assets providing larger benefits 

than a geographical diversification. At the same time, it also amplifies contagion phe-

nomena during episodes of financial turmoil, reducing thereby the positive diversifi-

cation benefits. Hedge funds with diversified portfolios are de facto exposed to a 

greater spectrum of risks than non-diversified funds. Out of the 77% increase in the 

default probability stemming from contagion, about 30% comes directly from the di-

versification effects of investment portfolios. 

Finally, the variables that turn out to have the largest adverse impact on default prob-

ability and which would therefore be worth to disclose encompass the liquidation rate 

within hedge funds following similar investment strategies, investment in derivatives, 

incentive fees as well as redemptions by investors related to the degree of portfolio 

diversification. 
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Appendix 

Table 1: Number of Hedge Funds, Entries, Exits and Liquidations Before and After Filtering 

 
(a) before filtering 

Year Existing  
Funds 

New Entries Exits Liquidations Attrition  
Rate in % 

Liquidation 
Rate in %

1994 1133 291 32 17 2.82 1.50
1995 1389 329 73 44 5.26 3.17
1996 1642 391 138 66 8.40 4.02
1997 1965 436 113 74 5.75 3.77
1998 2230 442 177 121 7.94 5.43
1999 2572 539 197 107 7.66 4.16
2000 2917 589 244 96 8.36 3.29
2001 3511 863 266 106 7.58 3.02
2002 4231 977 260 135 6.15 3.19
2003 5106 1154 278 156 5.44 3.06
2004 6172 1414 345 183 5.59 2.97
2005 6971 1354 556 243 7.98 3.49
2006 7529 1220 662 232 8.79 3.08
2007 7446 879 961 158 12.91 2.12

*2008 6821 222 540 113 7.92 1.66
 
(b) after filtering 

Year Existing  
Funds 

New Entries Exits Liquidations Attrition  
Rate in % 

Liquidation 
Rate in %

1994 524 170 6 3 1.15 0.57
1995 660 162 26 18 3.94 2.73
1996 790 216 86 37 10.89 4.68
1997 1007 271 54 35 5.36 3.48
1998 1148 245 104 73 9.06 6.36
1999 1350 320 118 70 8.74 5.19
2000 1532 328 146 64 9.53 4.18
2001 1733 359 158 69 9.12 3.98
2002 1983 418 168 92 8.47 4.64
2003 2268 447 162 107 7.14 4.72
2004 2589 550 229 133 8.85 5.14
2005 2736 472 325 163 11.88 5.96
2006 2930 570 376 144 12.83 4.91
2007 3140 663 452 92 14.39 2.93

*2008 2750 8 243 44 8.84 1.60
 
 
Notes: The number of existing funds refers to the number of alive funds at the end of each year. The 
asterisk indicates that data have been included only until end of May for 2008. 
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Table 2: Summary Statistics of Monthly Returns and Assets Under Management 

 
(a) before filtering 
 
All Funds 

    Monthly Return in %  AUM in mn USD 
Year Sample  

Size 
Mean Standard 

deviation 
Skew Kurtosis  Mean Standard 

deviation 
Skew Kurtosis

1994 1165 -0.04 4.70 0.63 11.42 58.71 217.25 13.14 220.78
1995 1462 1.24 4.64 0.92 12.55 53.64 213.60 13.70 240.42
1996 1780 1.37 4.85 0.54 12.53 70.17 362.17 16.09 322.25
1997 2078 1.35 5.27 0.09 9.65 87.63 437.18 17.57 390.33
1998 2407 0.39 6.54 -0.61 9.70 93.05 503.13 19.63 454.78
1999 2769 1.96 5.92 1.14 9.97 72.74 254.13 14.95 324.34
2000 3161 0.71 6.25 0.26 10.25 79.50 207.11 10.76 210.65
2001 3780 0.50 4.65 -0.16 13.05 87.65 210.68 7.57 94.82
2002 4491 0.25 3.77 0.21 14.75 95.32 242.17 9.23 135.82
2003 5385 1.24 3.24 1.71 21.24 106.20 258.30 7.66 92.00
2004 6520 0.65 2.78 0.48 20.29 140.51 333.05 6.69 65.48
2005 7529 0.74 2.89 0.83 21.11 160.77 396.10 7.12 74.14
2006 8193 0.87 2.87 0.69 17.47 181.32 472.72 8.04 97.60
2007 8411 0.75 3.33 0.07 17.30 201.28 553.77 9.17 125.68

*2008 7669 -0.17 4.17 0.02 13.24 208.29 600.83 10.04 151.07
Total 11974 0.77 4.05 0.38 16.86 133.93 403.28 11.63 221.87

 
Live Funds 

    Monthly Return in %  AUM in mn USD 
Year Sample  

Size 
Mean Standard 

deviation 
Skew Kurtosis  Mean Standard 

deviation 
Skew Kurtosis

1994 278 -0.02 4.15 1.38 15.26 79.42 196.12 11.90 209.33
1995 370 1.40 4.01 1.04 14.84 71.93 247.93 13.95 241.85
1996 507 1.61 4.24 1.10 15.06 119.46 601.01 11.64 151.52
1997 659 1.55 4.67 0.65 11.85 135.03 662.21 13.87 220.89
1998 823 0.34 5.96 -0.82 11.45 136.33 666.74 15.70 281.56
1999 1048 2.10 5.33 1.45 11.29 95.79 265.02 9.82 140.97
2000 1319 0.99 5.31 0.94 11.77 108.26 278.18 9.58 153.91
2001 1773 0.71 3.93 0.50 14.04 111.92 258.67 7.06 79.10
2002 2318 0.36 3.47 0.51 15.50 115.64 274.36 8.56 116.30
2003 3017 1.31 3.02 1.57 19.76 126.47 280.44 6.67 69.81
2004 3956 0.73 2.62 0.81 19.34 165.64 371.47 6.31 56.47
2005 4980 0.82 2.76 0.95 18.77 180.63 417.59 6.82 66.86
2006 5956 0.91 2.74 0.97 16.75 194.31 464.65 7.06 72.46
2007 6701 0.81 3.14 0.22 17.44 209.09 552.55 8.93 119.19

*2008 6902 -0.15 4.05 -0.19 12.54 209.63 586.35 10.00 153.54
Total 6904 0.80 3.48 0.60 18.10 169.28 459.29 10.27 172.14

 
Liquidated Funds 

    Monthly Return in %  AUM in mn USD 
Year Sample  

Size 
Mean Standard 

deviation 
Skew Kurtosis  Mean Standard 

deviation 
Skew Kurtosis

1994 392 -0.17 4.73 -0.05 8.27 57.71 289.69 11.89 159.08
1995 479 0.87 4.77 0.67 12.76 46.16 250.18 13.37 199.51
1996 553 0.99 5.08 0.39 11.58 43.42 263.13 14.90 246.01
1997 619 1.13 5.48 -0.25 9.26 57.82 378.01 16.96 328.10
1998 654 0.36 6.77 -0.37 9.63 76.04 592.59 17.57 340.70
1999 673 1.41 5.98 0.70 9.92 56.70 327.86 17.34 347.78
2000 683 0.44 6.58 0.03 9.55 50.59 122.64 11.86 233.82
2001 746 0.15 4.79 -0.34 11.99 56.25 112.62 3.97 21.95
2002 784 -0.02 3.76 -0.03 13.25 53.24 110.47 4.72 31.15
2003 805 0.82 3.16 1.35 16.26 56.49 119.72 5.29 41.33
2004 807 0.25 2.62 -0.14 19.06 71.95 158.89 5.93 55.34
2005 698 0.40 2.79 1.25 26.55 75.39 171.49 4.96 33.93
2006 512 0.40 2.74 -0.46 17.46 79.87 194.86 5.69 45.26
2007 288 -0.08 3.73 -0.98 25.54 88.60 194.34 6.10 54.28

*2008 130 -1.51 4.57 -0.56 7.86 100.38 217.69 3.32 13.20
Total 1868 0.51 4.73 0.13 14.07 60.77 262.09 24.48 880.53

 
Notes: ‘All funds’ refer to the number of hedge funds that reported at least once to the Lipper Tass da-
tabase. The assets under management (AUM) denominated in local currency are converted into US 
dollars using the end-of-month exchange rates. The asterisk indicates that data have been included only 
until end of May for 2008.  
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(b) after filtering 
 
All Funds 

    Monthly Return in %  AUM in mn USD 
Year Sample  

Size 
Mean Standard 

deviation 
Skew Kurtosis  Mean Standard 

deviation 
Skew Kurtosis

1994 530 0.04 4.91 0.69 10.35 57.38 219.80 14.40 258.41
1995 686 1.17 4.94 0.71 12.32 49.25 192.06 14.99 289.31
1996 876 1.37 5.23 0.73 12.31 55.31 215.57 14.07 264.98
1997 1061 1.29 5.49 -0.03 9.48 71.33 291.46 16.98 404.68
1998 1252 0.32 6.94 -0.59 9.14 74.67 378.48 26.00 805.77
1999 1468 1.83 6.21 1.07 9.52 64.12 222.98 20.11 587.55
2000 1678 0.75 6.68 0.31 9.31 69.79 164.15 7.72 104.17
2001 1891 0.51 5.05 -0.16 11.20 76.20 172.58 6.38 68.82
2002 2151 0.24 4.20 0.23 12.37 81.36 173.82 5.19 38.06
2003 2430 1.31 3.65 1.39 17.00 95.98 212.77 5.50 42.62
2004 2818 0.67 3.12 0.42 16.35 129.04 295.32 5.97 51.70
2005 3061 0.78 3.27 1.06 18.81 149.83 357.81 6.90 72.31
2006 3306 0.95 3.33 0.67 14.95 175.70 462.73 8.56 112.08
2007 3593 0.83 3.76 0.26 14.70 203.17 568.22 9.51 132.33

*2008 3148 -0.06 4.71 0.15 12.19 223.30 614.06 8.81 112.26
Total 5559 0.80 4.53 0.36 14.47 124.09 368.86 11.99 239.21

 
Live Funds 

    Monthly Return in %  AUM in mn USD 
Year Sample  

Size 
Mean Standard 

deviation 
Skew Kurtosis  Mean Standard 

deviation 
Skew Kurtosis

1994 129 0.11 4.95 1.34 12.73 74.85 137.16 3.12 13.79
1995 177 1.60 4.60 0.82 13.91 61.69 122.47 3.64 18.26
1996 235 1.82 4.68 1.16 13.01 72.81 160.60 4.86 33.77
1997 320 1.59 4.92 0.67 10.51 88.78 205.26 5.49 41.57
1998 396 0.36 6.54 -0.74 10.10 89.48 182.96 5.30 43.36
1999 509 2.11 5.85 1.31 10.55 84.44 182.50 5.86 55.10
2000 632 1.19 5.94 0.85 9.71 96.53 214.25 6.36 67.26
2001 776 0.83 4.50 0.34 10.84 100.49 217.85 5.92 55.88
2002 951 0.45 4.11 0.53 11.35 102.69 204.46 4.72 31.12
2003 1166 1.51 3.62 1.14 14.48 118.62 243.13 5.02 35.61
2004 1477 0.83 3.08 0.60 15.53 154.16 321.06 5.48 43.46
2005 1792 0.91 3.21 1.19 17.05 167.13 354.80 6.03 54.59
2006 2229 1.05 3.21 1.03 15.28 183.72 426.93 7.23 78.77
2007 2840 0.91 3.50 0.46 14.95 208.14 552.75 9.30 127.60

*2008 2848 -0.04 4.53 -0.07 11.50 222.09 582.15 8.49 106.62
Total 2848 0.92 4.04 0.61 14.95 156.66 397.76 9.76 161.32

 
Liquidated Funds 

    Monthly Return in %  AUM in mn USD 
Year Sample  

Size 
Mean Standard 

deviation 
Skew Kurtosis  Mean Standard 

deviation 
Skew Kurtosis

1994 179 -0.05 4.62 -0.08 7.08 61.63 333.31 11.46 139.31
1995 234 0.90 5.08 0.45 13.55 46.61 280.19 13.29 185.06
1996 300 0.99 5.39 0.55 12.28 43.02 291.44 14.90 230.60
1997 356 1.05 5.60 -0.52 10.23 53.72 409.80 17.28 318.96
1998 392 0.23 6.86 -0.47 9.32 67.15 635.58 18.18 340.75
1999 424 1.27 6.01 0.83 9.99 48.17 336.06 19.45 401.55
2000 452 0.41 6.69 0.01 9.81 42.88 109.22 17.11 432.48
2001 492 0.08 4.86 -0.39 11.62 48.48 97.82 4.24 25.08
2002 516 -0.07 3.91 -0.11 13.45 46.68 100.27 5.29 38.74
2003 522 0.88 3.33 1.65 16.12 50.43 106.76 6.12 59.39
2004 496 0.27 2.85 -0.09 19.35 64.61 148.50 7.47 84.43
2005 408 0.38 3.04 1.43 24.68 72.22 172.64 5.42 39.19
2006 272 0.32 2.98 -1.13 19.50 82.37 211.55 5.50 41.51
2007 139 0.02 3.16 -1.57 28.06 88.81 217.38 6.04 50.51

*2008 47 -1.41 3.83 -0.48 4.35 58.12 126.38 4.15 20.49
Total 1147 0.48 4.86 0.09 14.11 55.66 275.46 26.78 956.31

 
Notes: ‘All funds’ refer to the number of hedge funds that reported at least once to the Lipper Tass da-
tabase. The sample size refers to the number of funds used to compute the statistics over each year. The 
assets under management (AUM) denominated in local currency are converted into US dollars using 
the end-of-month exchange rates. The asterisk indicates that data have been included only until end of 
May for 2008.  
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Table 3: Number of Hedge Funds and Liquidation Rates by Diversification Categories 
 
(a) before filtering 

  Number of Funds Liquidation Rate in % 

Year 
Diversified in assets 

& geographically 
Not diversified 

at all 
Diversified in 

assets only 
Diversified 

geographically  
Diversified in assets 

& geographically 
Not diversified 

at all 
Diversified in 

assets only 
Diversified 

geographically
1994 394 255 324 64 0.51 0.42 0.34 0.00
1995 473 326 388 86 2.96 1.61 4.78 6.10
1996 555 400 429 103 4.68 2.69 5.69 6.12
1997 624 499 515 129 3.85 4.44 4.62 5.56
1998 664 563 592 153 8.28 4.40 6.00 7.86
1999 716 666 652 202 5.31 6.01 4.17 4.05
2000 774 774 717 232 3.88 4.00 2.52 6.70
2001 947 888 804 294 2.96 4.17 4.40 2.48
2002 1103 987 925 374 2.63 4.35 4.30 3.89
2003 1311 1121 1032 508 2.52 5.88 2.83 2.95
2004 1675 1225 1180 605 2.39 6.08 3.66 3.00
2005 1886 1265 1227 736 3.76 6.58 4.44 1.89
2006 1990 1256 1222 791 2.61 5.65 4.37 4.62
2007 1962 1070 1117 774 1.78 5.08 1.51 2.90

*2008 1711 941 1018 697 1.46 0.96 1.67 1.72
 
(b) after filtering 

  Number of Funds Liquidation Rate in % 

Year 
Diversified in assets 

& geographically 
Not diversified 

at all 
Diversified in 

assets only 
Diversified 

geographically  
Diversified in assets 

& geographically 
Not diversified 

at all 
Diversified in 

assets only 
Diversified 

geographically
1994 227 122 139 36 0.88 0.00 0.72 0.00
1995 271 157 183 49 2.95 2.33 2.22 6.00
1996 329 200 204 57 4.86 4.00 5.79 5.66
1997 381 277 283 66 3.67 3.41 4.13 5.36
1998 420 321 325 82 7.14 4.47 7.36 9.76
1999 458 413 376 103 5.90 5.01 4.79 4.85
2000 485 497 439 111 5.15 3.38 2.51 12.87
2001 547 551 488 147 4.02 4.63 3.85 4.17
2002 612 616 566 189 3.92 5.12 5.04 6.70
2003 724 676 625 243 3.18 7.33 3.95 5.91
2004 880 727 694 288 3.52 7.29 4.90 5.23
2005 938 749 700 349 5.86 7.97 5.76 2.52
2006 1074 757 704 395 3.54 5.91 5.26 6.70
2007 1247 706 701 486 2.09 5.45 1.52 3.38

*2008 1091 611 617 431 1.56 1.15 2.11 1.62
 
Notes: The categories used in these tables are based on the diversification definition presented in sec-
tion 3.2. The total number of hedge funds in this table does not sump up to that in Table 1 or 2 as some 
hedge funds do not report the geographical focus of their investment or the type of assets they invest in. 
The asterisk indicates that data have been included only until end of May for 2008. 
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Table 4: Estimation Results – Baseline and Contagion Models 

 
      Contagion Models 

 (1)  (2) (3) (4) 
Regressor Baseline 

Model 
 Redemption  

Ratio 
Liquidation  

Rate 
Contagion  
Combined 

Age -0.038 -0.037 -0.061* -0.059* 
Return -0.257*** -0.252*** -0.265*** -0.264*** 
Return (t-1) -0.169*** -0.163*** -0.151*** -0.148*** 
Return (t-2) -0.157*** -0.154*** -0.155*** -0.151*** 
AUM (t-1) -2.914*** -2.917*** -2.865*** -2.872*** 
Flows -0.296*** -0.293*** -0.292*** -0.290*** 
Flows (t-1) -0.073*** -0.072*** -0.071*** -0.070*** 
Flows (t-2) -0.067*** -0.066*** -0.066*** -0.066*** 
Leverage -0.023 -0.025 -0.039 -0.039 
Management fees -0.001 0.002 -0.01 -0.008 
Incentive fees 0.176*** 0.165*** 0.145*** 0.140*** 
High watermark -0.434*** -0.443*** -0.441*** -0.446*** 
Redemption frequency 0.009 0.013 0.026 0.028 
Lockup period -0.043 -0.047 -0.057 -0.059 
Redemption notice period -0.293*** -0.292*** -0.282*** -0.282*** 
Payout period -0.146*** -0.145*** -0.145*** -0.144*** 
Minimum investment -0.014 -0.015 -0.017 -0.017 
Month 12 0.906*** 0.894*** 0.544*** 0.558*** 
Invested in derivatives 0.215*** 0.219*** 0.246*** 0.246*** 
   
Contagion variables   
Redemption within  0.119*** 0.071* 
Redemption within (t-1)  0.061* 0.036 
Redemption across  -0.045 -0.034 
Redemption across (t-1)  -0.127*** -0.05 
   
Liquidation within  0.353*** 0.349*** 
Liquidation within (t-1)  0.007 -0.005 
Liquidation across  -0.02 -0.025 
Liquidation across (t-1)  0.059* 0.065* 
   
Constant -8.671*** -8.646*** -8.353*** -8.359*** 
   
Number of Obs. 281083 281083 281083 281083 
LR chi2 (df) 1042.49 (33) 1069.46 (37) 1599.45 (37) 1607.18 (41) 
Prob > Chi2 0.0000 0.0000 0.0000 0.0000 
Pseudo R-Squared 0.0709 0.0727 0.1088 0.1093 
Log-Likelihood -6829.02 -6815.54 -6550.54 -6546.68 
LR-test value (df) - - - 564.692 (8) 
   

 
Notes: * denotes significant at 10%, ** denotes significant at 5%, *** denotes significant at 1%. The 
coefficients of yearly dummies are not presented for space reasons, but are available upon request. The 
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Table 5: Empirical Results – Diversification Models 

 
   Reference category 

 (1) (2) (3) (4) (5) 
Regressor Geographical 

diversification 
Assets 

diversification 
Investment in 
Equities only 

Investment in 
Bonds only 

Investment in 
bonds &equities 

Age -0.041 -0.031 -0.032 -0.032 -0.032 
Return -0.255*** -0.255*** -0.256*** -0.256*** -0.256***
Return (t-1) -0.167*** -0.167*** -0.169*** -0.169*** -0.169***
Return (t-2) -0.156*** -0.155*** -0.156*** -0.156*** -0.156***
AUM (t-1) -2.917*** -2.875*** -2.878*** -2.878*** -2.878***
Flows -0.297*** -0.294*** -0.295*** -0.295*** -0.295***
Flows (t-1) -0.073*** -0.074*** -0.074*** -0.074*** -0.074***
Flows (t-2) -0.067*** -0.067*** -0.068*** -0.068*** -0.068***
Leverage -0.01 0.002 -0.004 -0.004 -0.004 
Management fees 0.018 0.016 0.021 0.021 0.021 
Incentive fees 0.162*** 0.166*** 0.157*** 0.157*** 0.157***
High watermark -0.446*** -0.450*** -0.450*** -0.450*** -0.450***
Redemption frequency 0.003 0.001 0.01 0.01 0.010 
Lockup period -0.052 -0.05 -0.052 -0.052 -0.052 
Redemption notice period -0.306*** -0.291*** -0.285*** -0.285*** -0.285***
Payout period -0.145*** -0.151*** -0.155*** -0.155*** -0.155***
Minimum investment -0.015 -0.015 -0.015 -0.015 -0.015 
Month 12 0.907*** 0.904*** 0.904*** 0.904*** 0.904***
Invested in derivatives 0.215*** 0.255*** 0.257*** 0.257*** 0.257***
   
Diversification variables   
Geographical diversification -0.197***  
Assets type diversification  -0.249***  
   
Asset diversification variables   
Invest. in equities only  - 0.014 0.323***
Invest. in bonds only  -0.014 - 0.309** 
Invest. in bonds & equities  -0.323*** -0.309** - 
   
Constant -8.603*** -8.536*** -8.534*** -8.548*** -8.857***
   
Number of Obs. 281083 281083 281083 281083 281083 
LR chi2 (df) 1052.27 (34) 1057.24 (34) 1065.68 (37) 1065.68 (37) 1065.68 (37) 
Prob > Chi2 0.0000 0.0000 0.0000 0.0000 0.0000 
Pseudo R-Squared 0.0716 0.0719 0.0725 0.0725 0.0725 
Log-Likelihood -6824.13 -6821.65 -6817.43 -6817.43 -6817.43 
LR-test value (df) - - - - - 
   

 
Notes: * denotes significant at 10%, ** denotes significant at 5%, *** denotes significant at 1%. The 
coefficients of yearly dummies are not presented for space reasons, but are available upon request. The 
first and second columns present the estimation results of equation 

(6a), ti
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each of the assets diversification dummies is used once as a reference category. Note that the diversifi-
cation accounting for the commodities, FX and real estate markets are not displayed but are available.  
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Table 5: Empirical Results – Diversification Models – continued 

 
  Reference category 
 (6) (7) (8) (9) 
Regressor Diversified in assets 

& geographically 
Not diversified  

at all 
Diversified in  

assets only 
Diversified only 
geographically  

Age -0.033 -0.033 -0.033 -0.033 
Return -0.254*** -0.254*** -0.254*** -0.254*** 
Return (t-1) -0.167*** -0.167*** -0.167*** -0.167*** 
Return (t-2) -0.154*** -0.154*** -0.154*** -0.154*** 
AUM (t-1) -2.887*** -2.887*** -2.887*** -2.887*** 
Flows -0.295*** -0.295*** -0.295*** -0.295*** 
Flows (t-1) -0.074*** -0.074*** -0.074*** -0.074*** 
Flows (t-2) -0.067*** -0.067*** -0.067*** -0.067*** 
Leverage 0.013 0.013 0.013 0.013 
Management fees 0.029 0.029 0.029 0.029 
Incentive fees 0.156*** 0.156*** 0.156*** 0.156*** 
High watermark -0.455*** -0.455*** -0.455*** -0.455*** 
Redemption frequency 0.000 0.000 0.000 0.000 
Lockup period -0.056 -0.056 -0.056 -0.056 
Redemption notice period -0.301*** -0.301*** -0.301*** -0.301*** 
Payout period -0.150*** -0.150*** -0.150*** -0.150*** 
Minimum investment -0.015 -0.015 -0.015 -0.015 
Month 12 0.904*** 0.904*** 0.904*** 0.904*** 
Invested in derivatives 0.248*** 0.248*** 0.248*** 0.248*** 
   
Diversification variables   
Diversified in assets & geographically - -0.356*** -0.194** -0.298*** 
Not diversified at all 0.356*** - 0.161** 0.058 
Diversified in assets only 0.194** -0.161** - -0.104 
Diversified geographically only 0.298*** -0.058 0.104 - 
   
Constant -8.888*** -8.532*** -8.694*** -8.590*** 
  
Number of Obs. 281083 281083 281083 281083 
LR chi2 (df) 1063.27 (36) 1063.27 (36) 1063.27 (36) 1063.27 (36) 
Prob > Chi2 0.0000 0.0000 0.0000 0.0000 
Pseudo R-Squared 0.0723 0.0723 0.0723 0.0723 
Log-Likelihood -6818.6336 -6818.6336 -6818.6336 -6818.6336 
LR-test value (df) - 20.777 (3) - - 
  

 
Notes: * denotes significant at 10%, ** denotes significant at 5%, *** denotes significant at 1%. The 
coefficients of yearly dummies are not presented for space reasons, but are available upon request. 
Columns 6 to 9 stem from the estimation of equation (6c), 
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cation dummies being used once as a reference category. 
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Table 6: Empirical Results – Interaction of Contagion and Diversification 

 
 Reference category 
 (1) (2) (3) (4) 

Regressor 
Diversified in  

assets &  
geographically  

Not 
diversified 

at all 

Diversified in 
 assets only 

Diversified 
only geographi-

cally 
Age -0.055 -0.055 -0.055 -0.055 
Return -0.262*** -0.262*** -0.262*** -0.262***
Return (t-1) -0.152*** -0.152*** -0.152*** -0.152***
Return (t-2) -0.155*** -0.155*** -0.155*** -0.155***
AUM (t-1) -2.843*** -2.843*** -2.843*** -2.843***
Flows -0.288*** -0.288*** -0.288*** -0.288***
Flows (t-1) -0.073*** -0.073*** -0.073*** -0.073***
Flows (t-2) -0.066*** -0.066*** -0.066*** -0.066***
Leverage -0.001 -0.001 -0.001 -0.001 
Management fees 0.023 0.023 0.023 0.023 
Incentive fees 0.118*** 0.118*** 0.118*** 0.118***
High watermark -0.471*** -0.471*** -0.471*** -0.471***
Redemption frequency 0.016 0.016 0.016 0.016 
Lockup period -0.069* -0.069* -0.069* -0.069*
Redemption notice period -0.294*** -0.294*** -0.294*** -0.294***
Payout period -0.150*** -0.150*** -0.150*** -0.150***
Minimum investment -0.018 -0.018 -0.018 -0.018 
Month 12 0.561*** 0.561*** 0.561*** 0.561***
Invested in derivatives 0.279*** 0.279*** 0.279*** 0.279***
  
Contagion variables  
Redemption within 0.180*** -0.111 0.061 0.046 
Redemption within (t-1) -0.01 0.041 0.042 0.116 
Redemption across -0.082 0.123 -0.1 -0.073 
Redemption across (t-1) 0.108 -0.140* -0.138 -0.031 
  
Liquidation within 0.383*** 0.342*** 0.303*** 0.461***
Liquidation within (t-1) -0.066 0.046 0.013 0.037 
Liquidation across -0.019 0.009 -0.05 -0.057 
Liquidation across (t-1) 0.067 -0.012 0.123* 0.158*
  
Diversification variables  
Diversified in assets & geographically - -0.423*** -0.262*** -0.255**
Not diversified at all 0.423*** - 0.162* 0.168 
Diversified in assets only 0.262*** -0.162* - 0.006 
Diversified geographically only 0.255** -0.168 -0.006 - 
  
Interacting variables  
Divers. in assets & geo x redemption within - 0.290*** 0.118 0.134 
Not diversified x redemption within  -0.290*** - -0.172* -0.157 
Divers. in assets x redemption within -0.118 0.172* - 0.015 
Divers. geo  x redemption within -0.134 0.157 -0.015 - 
  
Divers. in assets & geo x redemption across - -0.204* 0.018 -0.009 
Not diversified x redemption across 0.204* - 0.223** 0.195 
Divers. in assets x redemption across -0.018 -0.223** - -0.027 
Divers. geo  x redemption across 0.009 -0.195 0.027 - 
  
Divers. in assets & geo x liquidation within - 0.041 0.080** -0.078*
Not diversified x liquidation within -0.041 - 0.039 -0.119**
Divers. in assets x liquidation within -0.080** -0.039 - -0.158***
Divers. geo x liquidation within 0.078* 0.119** 0.158*** - 
  
Divers. in assets & geo x liquidation across - -0.028 0.031 0.038 
Not diversified x liquidation across 0.028 - 0.058 0.065 
Divers. in assets x liquidation across -0.031 -0.058 - 0.007 
Divers. geo x liquidation across -0.038 -0.065 -0.007 - 
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Table 6: Empirical Results – Interaction of Contagion and Diversification – Continued 

 
 Reference category 
 (1) (2) (3) (4) 

Regressor 
Diversified in  

assets &  
geographically  

Not 
diversified 

at all 

Diversified in 
 assets only 

Diversified 
only geographi-

cally 
Divers. in assets & geo x redemption within (t-1) - -0.051 -0.052 -0.126 
Not diversified x redemption within (t-1) 0.051 - -0.001 -0.075 
Divers. in assets x redemption within (t-1) 0.052 0.001 - -0.074 
Divers. geo  x redemption within (t-1) 0.126 0.075 0.074 - 
  
Divers. in assets & geo x redemption across (t-1) - 0.247** 0.245** 0.138 
Not diversified x redemption across (t-1) -0.247** - -0.002 -0.109 
Divers. in assets x redemption across (t-1) -0.245** 0.002 - -0.107 
Divers. geo  x redemption across (t-1) -0.138 0.109 0.107 - 
  
Divers. in assets & geo x liquidation within (t-1) - -0.112* -0.078 -0.103 
Not diversified x liquidation within (t-1) 0.112* - 0.034 0.009 
Divers. in assets x liquidation within (t-1) 0.078 -0.034 - -0.024 
Divers. geo x liquidation within (t-1) 0.103 -0.009 0.024 - 
  
Divers. in assets & geo x liquidation across (t-1) - 0.079 -0.056 -0.091 
Not diversified x liquidation across (t-1) -0.079 - -0.134 -0.169 
Divers. in assets x liquidation across (t-1) 0.056 0.134 - -0.035 
Divers. geo x liquidation across (t-1) 0.091 0.169 0.035 - 
  
Constant -8.640*** -8.216*** -8.378*** -8.384***
  
Number of Obs. 281083 281083 281083 281083
LR chi2 (df) 1676.18 (68) 1676.18 1676.18 1676.18 (68)
Prob > Chi2 0.0000 0.0000 0.0000 0.0000
Pseudo R-Squared 0.1140 0.1140 0.1140 0.1140
Log-Likelihood -6512.18 -6512.18 -6512.18 -6512.18
LR-test value (df) - 46.843 (24) - - 
    

 
Notes: * denotes significant at 10%, ** denotes significant at 5%, *** denotes significant at 1%. The 
coefficients of yearly dummies are not presented for space reasons, but are available upon request. 
Columns 1 to 4 present the estimation of equation (7), where each of the diversification dummies is 
used once as a reference category: 
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Table 7: Marginal Effects on Default Probability of Significant Explanatory Variables 

 
Regressor Baseline Default 

Probability 
(1) 

Default Probability 
Baseline + 1 Stdev 

(2) 

Marginal 
Effect 

(3) 
    

Variables aggravating the default probability 
Liquidation within 0.1089% 0.1522% 0.0433% 
Invested in derivatives* 0.1089% 0.1410% 0.0321% 
Divers. in assets & geo x redemption across (t-1) 0.1089% 0.1365% 0.0277% 
Divers. in assets & geo x redemption within 0.1089% 0.1295% 0.0206% 
Incentive fees 0.1089% 0.1225% 0.0136% 
    

Variables reducing the default probability 
AUM (t-1) 0.1089% 0.0062% -0.1027% 
High watermark* 0.1089% 0.0684% -0.0404% 
Divers. in assets & geo* 0.1089% 0.0774% -0.0315% 
Redemption notice period 0.1089% 0.0810% -0.0279% 
Flows 0.1089% 0.0815% -0.0273% 
Return 0.1089% 0.0838% -0.0251% 
Return (t-2) 0.1089% 0.0935% -0.0154% 
Return (t-1) 0.1089% 0.0937% -0.0151% 
Payout period 0.1089% 0.0939% -0.0149% 
Redemption across (t-1) 0.1089% 0.0966% -0.0123% 
Lockup period 0.1089% 0.1012% -0.0077% 
Flows (t-1) 0.1089% 0.1013% -0.0076% 
Flows (t-2) 0.1089% 0.1019% -0.0069% 

 
Notes: This table presents the order of magnitude of each explanatory variable, when shocked by one 
standard deviation, all the other variables remaining unchanged. Dummy variables that are labelled 
with an asterisk, equal 0 in the baseline scenario and 1 in the stress scenario. When each regressor is set 
to its sample mean, the default probability turns to 0.11% (see column 1). The second column displays 
the default probability resulting from each variable being individually shocked by one standard devia-
tion shock. The third column gives the marginal effect of each regressor on the default probability, cal-
culated as the difference between column 2 and 1.  
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Table 8: Marginal Effects of Time-varying Explanatory Variables Between Quiet and Crisis Periods 

 
Regressor Default Prob-

ability 
Non-Crisis 

Period 
(1) 

Default Prob-
ability 

Crisis Period 
 

(2) 

 
Marginal Effect 

 
 

(3) 

Cumulative 
Marginal 

Effect 
 

(4) 
     

Hedge Fund Characteristics +0.0099% 
Return 0.0874% 0.0924% 0.0050%  
Return (t-1) 0.0874% 0.0901% 0.0028%  
Return (t-2) 0.0874% 0.0919% 0.0045%  
AUM (t-1) 0.0874% 0.0836% -0.0038%  
Flows 0.0874% 0.0884% 0.0010%  
Flows (t-1) 0.0874% 0.0876% 0.0002%  
Flows (t-2) 0.0874% 0.0876% 0.0002%  
     

Contagion channels +0.0333% 
Redemption across (t-1) 0.0874% 0.0807% -0.0067%  
Liquidation within 0.0874% 0.1175% 0.0301%  
Divers. in assets & geo x redemption within 0.0874% 0.0935% 0.0062%  
Divers. in assets & geo x liquidation within 0.0874% 0.0911% 0.0037%  
     
     
Total       +0.0432% 

 
Notes: This table presents the default probability of hedge funds associated with a non-crisis period, 
which is chosen to be 1997 and a crisis period, defined as 1998. The marginal effect of each time-
varying explanatory variable between a crisis and non-crisis period is presented in the third column. 
While in 1997, the average probability of defaulting in the next month equals 0.09%, in 1998 it equals 
to 0.13%, which represents an increase of more than 49%, the bulk of it being driven by contagion ef-
fects rather than by evolution of the hedge fund characteristics.  
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In this paper, we have proposed an alternative hedging effectiveness to evaluate the 

performance of a futures hedge. Under the null of time-varying distribution, this 

hedging effectiveness considers the proportional reductions in the conditional 

variance, whereas the traditional one considers the reductions in the unconditional 

variance. Applying the result to various hedging methods for a range of global 

equity indices, the superiority of this measure is found. In contrast to comparisons 

using the traditional measure, the empirical evidences show that a consistent result 

in terms of the best hedging method with the use of this alternative measure is 

concluded. Furthermore, the estimates of risk reduction effect for the hedging 

methods also yield difference based on the two measures.  
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I. Introduction 

It has been well documented in the literature that market risk can be reduced through 

futures contracts, and a hedge ratio is the amount of futures position should be 

undertaken to reduce the risk exposure for any given spot position. Over years, a 

large body of studies has proposed methods to estimate the minimum-variance 

hedge ratio, denoted by  hereafterβ 1. To judge the success of these methods, the 

hedging effectiveness (HE) of Ederington (1979) has been extensively adopted in 

empirical studies as a benchmark for hedging performance and as a measure to 

select the best hedging method2. This traditional measure defines the effectiveness 

of a hedging by calculating the percentage reduction from the variance of the spot 

position to the variance of the hedged portfolio, or  

 
var( )

HE 1
var( )

p

s

r

r
= −  (1) 

where  and  represent the hedged portfolio return and the spot return, 

respectively,  denotes the variance operator. Based on this performance 

measure, a hedging method is deemed better than the other is if it may generate a 

higher (smaller) HE ( ) for the hedged portfolio.  

pr sr

var()⋅

var( )pr

  Empirical comparisons on futures hedging using this traditional HE show the 

simple ordinary-least-square (OLS) regression method generally has a dominate 

performance in sample, and the superiority of this OLS method is also supported by 

some out-of-sample investigations3. Lien (2005a,b, 2007, 2008) demonstrated that 

one would expect the OLS hedge tends to outperform others, such as the error 

correction (EC) or the generalized autoregressive conditional heteroscedasticity 

(GARCH), in terms of post-sample HE because the HE of Ederington considers the 

proportional reductions in the unconditional variance. Besides the variance, Cotter 

and Hanly (2006) argued that the choice of risk measure that is used in the HE has 

an important consideration in determining the best hedging method. With the use of 

                                                 
1 For examples, see Ederington (1979), Lien et al. (2002), and among many others. 
2 Alternative measures for evaluating futures hedging have been discussed in the literature, such as 
the Sharpe-type hedging performance of Howard and D’Antonio (1984) and the economic value of 
Lence (1995).  
3 Kroner and Sultan (1993) indicated that the OLS method outperforms all other constant hedge 
methods in terms of within-sample evaluations. Furthermore, Lien et al. (2002) concluded that the 
OLS hedge performs better than the constant-correlation generalized autoregressive conditional 
heteroscedasticity (CC-GARCH) hedge in an out-of-sample context.  
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an extensive set of (unconditional) risk measures, they found that the best hedging 

method is sensitive to the chosen risk measures4. In short, it seems that the 

commonly used HE seems not serve as a universal measure for the empirical studies 

to select the best hedging methods.  

  It is well known that the joint distribution of spot and futures varies as new 

information arrives. Assume the joint distribution , where  

is some conditional bivariate distribution function and  is the available 

information set at time . With this assumption, a large body of studies has 

developed methods to estimate the dynamic (risk-minimizing) hedge ratio, see, e.g. 

Kroner and Sultan (1993), Park and Switzer (1995), Brooks et al. (2002), Lien and 

Yang (2006)

, , 1( , ) |s t f t t tr r C−Φ ∼ tC

1t−Φ

1t −

5. We argue that this stylized fact in financial asset returns has further 

implication in hedging performance. An alternative measure of hedging performance, 

which considers the proportional reduction from the conditional variance of the spot 

position to the conditional variance of the hedged portfolio, seems be more rational 

than the traditional one because the risk is now measured by the conditional 

variance.  

This paper addresses the issue of hedging performance in the following ways. 

First, we propose an alternative HE measure for evaluating futures hedging that can 

further link the conditional variance with the traditional HE of Ederington. The 

rational use of this conditional HE is also supported by the empirical evidences, no 

matter which method is used to construct the hedged portfolio. Second, to estimate 

the conditional variance, we provide a bivariate GARCH model that can characterize 

some important stylized facts in the cointegrated series. The importance of this 

empirical model is that the estimated conational variances and covariance of the spot 

and futures are based on the same information set  so that an estimate of the 

conditional hedged portfolio variance can be constructed
1t−Φ

6. Third, the performance of 

various hedging methods, including the naïve, OLS, EC, constant-correlation 

GARCH (CC-GARCH) methods, are evaluated empirically on eight equity indices 

                                                 

1−

4 In their paper, five different risk measures, including the variance, semi-variance, lower partial 
moments, value at risk, and conditional value at risk, are considered to evaluate the performance of 
various hedging methods.  
5 Some studies also applied the stochastic volatility model to estimate the dynamic hedge ratio, such 
as Lien and Wilson (2001).  
6 Conditioning on , the conditional variance of the hedged portfolio can be decomposed as 

. 
1t−Φ

2
, 1 , 1 , , 1 ,var( | ) var( | ) 2 cov( , | ) var( | )p t t s t t s t f t t f t tr r r r rβ β− − −Φ = Φ − Φ + Φ
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in terms of both traditional and proposed HE measures. The finding indicates that 

the use of a conditional HE to evaluate hedging performance indeed yield 

differences in terms of best hedging method as compared with the use of the 

traditional HE measure of Ederington, and this result is observed for the in-sample 

and out-of-sample.  

The remainder of this paper is organized as follows. We next describe the 

relationship between time-varying distribution and hedging effectiveness, and then 

exhibit the hedging methods that are used in this paper. This is followed by showing 

the data and empirical evidence, and the conclusion is found in the last section.  

 

II. Time-Varying Distribution and Hedging Effectiveness 

To illustrate, consider a short hedger, who longs in the spot market and shorts in the 

futures market, faces a one-period hedging problem. Denote  and  the 

log-prices of spot and futures, respectively. With the use of a hedge ratio  at time 

, the realization on hedged portfolio return for the period then equals to 

, where  and 

tS tF

β

1t −

,s t f tr rβ− , 1s t tr S S −= − 1f t tr F F−= −  are the log-returns on spot 

and futures, respectively. Following Kroner and Sultan (1993), Brooks et al. (2002), 

Lien and Yang (2006), and among many others, the conditional joint distribution of 

spot and futures can be modeled as follows: 

 
, 0 1 1 1

, 0 1 1 1

( )

( )

s t s s t t s t,

,f t f f t t

r S F

r S F

α α δ ε

α α δ ε
− −

− −

= + − +

= + − + f t

)t

R D

 (2) 

  (3) 
,

1
,

| (0,
s t

t
f t

N H
ε
ε −

⎛ ⎞⎟⎜ ⎟ Φ⎜ ⎟⎜ ⎟⎜⎝ ⎠
∼

 
1/2 1/2

, , , ,

1/2 1/2
, , , ,

0 1 0

10 0

s t sf t s t t s t

t t t t
tsf t f t f t f t

h h h h
H D

h h h h

ρ

ρ

⎡ ⎤ ⎡ ⎤⎡ ⎤ ⎡ ⎤⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥= = =⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥⎣ ⎦⎣ ⎦ ⎣ ⎦ ⎣ ⎦
 (4) 

where  and ,s tε ,f tε  are residuals that represent the innovations in spot and futures 

prices,  and ,s th ,f th  denote conditional variance estimates of spot and futures, 

 and  represent conditional covariance and correlation estimates between 

them, and , , and  are parameters for .  
,sf th tρ

0iα 1iα δ ,i s f=

The error correction term  is incorporated into the conditional 1( t tS Fδ− − 1)−
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mean equations due to the possible cointegration relationship between spot and 

futures (Engle and Granger, 1987). This cointegration will be found in currency and 

equity markets, but fail to be found in commodity markets, see, Kroner and Sultan 

(1993), Park and Switzer (1995), and Baillie and Myers (1991) for evidences of this. 

For the conditional covariance matrix , the dynamic conditional correlation 

GARCH (DCC-GARCH) model of Engle (2002) is commonly considered because it 

provides a flexible framework for characterizing the dynamics in second order 

moments, see, for example, Lien and Yang (2006). In addition, since the leveraged 

effect is usual appeared in many financial asset returns, such as Brooks et al. (2002), 

the GJR (Glosten-Jagannathan-Runkle) model of Glosten et al. (1993) is more 

realistic to describe the variance dynamics relative to the symmetric GACRH:  

tH

  (5) 
2 2

, 0 1 , 1 2 , 1 3 , 1 , 1

2 2
, 0 1 , 1 2 , 1 3 , 1 , 1

( 0

( 0

s t s s s t s s t s s t s t

f t f f f t f f t f f t f t

h h I

h h I

β β β ε β ε ε

β β β ε β ε ε

− − − −

− − − −

= + + + <

= + + + <

)

)

where , , , and  are parameters, and  denote an indicator 

function. To formula the conditional correlation, it can be specified as 
0iβ 1iβ 2iβ 3iβ ()I ⋅

 , ,1
1 2 1 1 2

2 2
, ,1 1

(1 )
( )(

M

s t h f t hh
t t M M

s t h f t hh h

η η
ρ θ θ ρ θ ρ θ

η η

− −=
−

− −= =

= − − + + ∑
∑ ∑ )

,= ,s f=

 (6) 

where  and  are non-negative with , the sample size  for 

estimating the sample correlation coefficient with  (i ) 

follows Tse and Tsui (2002), and 

1θ 2θ 1 2 1θ θ+ ≤ 2M =
1/2

, , /i t h i t h i t hhη ε− − −

ρ  is the unconditional correlation between spot 

and futures. In sum, Equations (2) through (6) then construct a well-specified joint 

distribution of spot and futures conditioning on the  information set.  1t−Φ

  With a well-specified conditional distribution, the traditional HE of Ederington 

could be redefined as 

 ,
1

, 1

var( | )
HE | 1

var( | )
p t t

t t
s t t

r

r
−

−
−

Φ
Φ = −

Φ
1  (7) 

since risks are now measured by conditional variances. To estimate this conditional 

HE for one particular hedge ratio , we can use the following approximation with 

the use of the GARCH-type volatilities, 

β

 
2

, ,
1

,

2
HE | 1 s t sf t f t

t t
s t

h h h

h

β β
−

− +
Φ ≅ − ,  (8) 
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where , ,s th ,f th , and  are estimates of the true , , 

and , respectively. Conditioning on the same information set 

, this conditional HE measures the percentage reduction from the conditional 

variance of the spot position to the conditional variance of the hedged portfolio. The 

rational use of this is that, if the joint distribution is time varying or the hedger 

considers minimizing the conditional variance of the hedged portfolio in ex-ante, the 

use of this proposed HE should be more rational for evaluating ex-post hedging 

performance relative to the traditional one of Ederington (1979) that uses the 

unconditional variance as the risk measure.  

,sf th , 1var( | )s t tr −Φ , 1var( | )f t tr −Φ

, , 1cov( , | )s t f t tr r −Φ

1t−Φ

 

III. Hedging Methods 

The literatures have proposed methods for futures hedging. Conventional wisdom 

suggests that a one-to-one naïve hedge ratio should be considered in hedging the 

spot position. However, recognizing the spot and futures prices are not perfectly 

correlated, this naïve method will not minimize the risk of the hedged portfolio 

(Johnson, 1960). With the aim of risk minimization, the objective of a hedge is to 

choose the minimize-variance hedge ratio, giving . To have this hedge 

ratio estimate, some econometrics methods have been proposed in the literature. For 

example, the OLS method involves estimating the simple linear regression model, 

, where the OLS estimate of  provides an estimate of the 

hedge ratio. A major shortcoming with this OLS hedge ratio, however, is that this 

hedge ratio only depends on unconditional second moments, whereas the true 

minimize-variance hedge ratio should depend on conditional second moments (e.g. 

Kroner and Sultan, 1993).  

2/sf fβ σ σ=

, 0 1 ,s t f t tr rα α ε= + + 1α

  To relax the restricted assumption in the conventional methods, alternative 

hedging methods, namely the EC and CC-GARCH, are also discussed. To do this, 

the model of Equations (2) through (6) is re-estimated with the following restrictions. 

Firstly, the restriction  is 

imposed to give the EC method, and then the restriction 

 is imposed to give the CC-GARCH method. The 

EC hedge method accounts for the cointegration between spot and futures prices as 

evidenced by the statistical findings in the cointegration literature (Engle and 

01 1 2 3 1 2 3 1 2: 0s s s f f fH β β β β β β θ θ= = = = = = = =

02 3 3 1 2: s fH β β θ θ= = = = 0
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Granger, 1987). Moreover, Kroner and Sultan (1993) argued that the risk should be 

varying with time as new information is arrived by the market, implying the hedge 

ratio should also vary. Thus, they provided a method that can incorporate the 

cointegration and time-varying risk simultaneously into the hedging decisions. As 

shown by the empirical evidences, this new method can provide a superior way to 

manage the currency risk relative to the conventional methods. Latter, this method is 

also applied to manage the equity risk (Park and Switzer, 1995).  

  In this paper, the four hedging methods considered include the naïve, OLS, EC, 

and CC-GARCH. This allows a broad comparison in terms of both traditional and 

alternative HE measures over a range of hedging methods.  

 

IV. Data and Empirical Analysis 

The price data used includes two American, two European, and four Asian equity 

market indices that cover a wide geometric and economic area. The chosen indices 

are the S&P 500 Composite (SP), Dow Jones Industrials Average (DJ), Financial 

Times 100 (FTSE), DAX 30 (DAX), Nikkei 225 (NK), KOSPI Composite (KS), 

Taiwan Weight (TW), and Hang Seng (HK), making up eight contracts. Besides the 

TW futures prices, all the daily close (settlement) price data for the spot (futures) 

were obtained from the Datastream7. Note the nearest contract is used to construct 

the continuous price series for each futures index8. All the daily spot and futures 

prices are extracted for the period January 1, 1998 through December 31, 2005 

except the TW because the first futures contracts are launched on July 21, 1998. 

Specifically, for each equity index, the data corresponding to the public holidays are 

removed to avoid spurious zero returns. As a result, the price observations for each 

index range from 1900 to 2030. 

  Table 1 exhibits the unit root and cointegration tests for the prices. The augmented 

Dickey-Fuller (ADF) tests show that all the (logarithmic) spot and futures prices 

have a unit root, but their first-differenced series are stationary. The Johansen trace 

statistics indicate that the spot and futures prices for both markets are cointegrated 

                                                 
7 The settlement price of TW futures contracts is obtained from the Taiwan Futures Exchange because 
the Datastream database does not contain these contracts.  
8 It means that the nearest month contract is rolled to the next month when the daily volume of the 
current contract is exceeded.  
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with cointegrating parameter . As suggested by Park and Switzer (1995) and 

Brooks et al. (2002), it seems reasonable to restrict . Given the evidence and 

the restriction of the cointegration relationship, the  is parameterized 

in Equation (2) for modeling the joint distribution of spot and futures.  

ˆ 1δ ≈

1δ =

1( t tS F− −− 1)

<Table 1 is inserted about here> 

The estimation results for the joint distributions using the full sample data are 

shown in Table 2. Following the suggestion of Engle (2002), all the parameters are 

estimated by maximizing the (Gaussian) quasi-likelihood functions via a two-step 

procedure. That is, we firstly maximize each GJR volatility model with the 

conditional mean and then maximize the DCC model based on the estimation results 

in the first step. To test the significance of these parameters, the heteroskedasticity 

consistent covariance matrix estimator (HCCME) of White (1982) is used to 

construct the asymptotic testing statistics.  

<Table 2 is inserted about here> 

From Table 2, it can be observed that the all the  ( ) are insignificantly 

different from zero except the KS, and all the  ( ) are also insignificantly 

different from zero but the spot and futures of TW and futures of HK. The non-zero 

conditional mean in the KS, TW, and HK futures markets means that the 

risk-minimizing hedge strategy will not be the expected utility maximization 

strategy (Baillie and Myers, 1991; Kroner and Sultan, 1993). For the conditional 

volatility, the significance of  shows that the asymmetric volatility appears in all 

the spot and futures markets, but the KS spot and futures are the exceptions. Hence, 

the symmetric GARCH model may be more suitable for describing the KS 

volatilities. For modeling the conditional correlation, the significance of both  

and  indicate the null of dynamic correlation holds in the markets. The 

insignificance of  in the NK and HK means that the constant correlation model 

of Bollerslev (1990) should be fit for the two indices. Furthermore, a sequence of 

 statistics up to lag 20 is reported to examine the adequacy of the model. It can be 

seen that the statistic tends to be insignificant at the 1% level indicating the joint 

distribution constructed by Equations (2) through (6) is generally satisfactory for the 

spot and futures data so that the null of time-varying second order moments is 

supported by the empirical evidences.  

0iα ,i s f=

1iα ,i s f=

3iβ

1θ

2θ

1θ

Q
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To evaluate the performance of the hedging methods, the full sample for each 

index is split into two. The first 1500 observations are used to facilitate in-sample 

comparisons, and the remaining observations are used to conduct out-of-sample 

comparisons. Table 3 summarizes the comparison results for each hedging methods 

(Panel A shows the in sample, and Panel B shows the out of sample)9. In addition to 

alternative measures (  and ), the results using the traditional measures (  

and ) are also documented in Table III to make a comparison.  

2
,p tσ HEt

2
pσ

HE

<Table 3 is inserted about here> 

Considering the hedging performance with the use of the traditional HE firstly, it 

seems mixed results for the best hedging methods are found. For example, the 

in-sample comparisons using the traditional HE indicates that the OLS is the best 

method for the SP, DAX, and TW, but the CC-GARCH method is the best one for 

others. This empirical evidence supports the finding of Lien (2008), who argued that 

the dynamic hedging for the within comparison will most likely outperform the OLS 

hedging when the resulting hedge ratio is negatively correlated with the futures 

return10. The dominance of this OLS hedge will last in post-sample comparisons as 

long as there is no structure change between the estimation and evaluation period. 

Based on our out-of-sample results, however, the best method for the in sample 

almost does not last for the out of sample comparisons. The EC outperforms others 

in the SP, FTSE, DAX, and NK markets, but the OLS outperforms others in the KS, 

TW, and HK markets. In the DJ market, the best method using the traditional HE is 

the naïve method. In short, the traditional HE seems not a universal measure for the 

hedger to pick out a best method for the hedging activity.  

Then turning to comparisons using the alternative HE, it is observed that a 

consistent result for each market is found in terms of the best hedging method. For 

both the in sample and out of sample, the CC-GARCH method yields the highest 

conditional HE for all the markets except for the SP and DJ. The best futures hedge 

in the two markets is the EC method. This result is totally contrary to the 

comparison result using the traditional HE. Furthermore, the risk reduction effect 

based on the traditional and the alternative HE yields different estimates in each 

                                                 
9 Since the estimated parameters for the OLS, EC, and CC-GARCH methods are quite standard, they 
are not reported in detail. Further details are available on request.  
10 Take DJ as an example, the correlation coefficient between the CC-GARCH hedge ratio and the 
futures return for the in-sample data is -0.0065.  
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market. The largest difference for the in sample occurs in the TW, and for the out of 

sample occurs in the DAX. The difference of the two estimates should come from 

the difference between the two risk concepts: unconditional variance and conditional 

variance.  

 

V. Conclusions 

This paper has proposed an alternative hedging effectiveness for futures hedging and 

applied the result to conduct empirical comparisons on four commonly used hedging 

methods. We argue that commonly used HE of Ederington (1979), which considers 

in proportional reductions in unconditional variance, contrast sharply with reality 

since the risk of spot and futures will change as news arrives to the markets. As a 

result, this proposed HE can take further account of this stylized fact in judging the 

hedging performance, and the rational use of this measure is also supported by the 

empirical evidences. In addition, to estimate this alternative HE, a bivariate GARCH 

model is also provided to conduct the empirical study.  

  The hedging methods compared in this paper include the naïve, OLS, EC, 

CC-GARCH methods, and the data applied include eight global equity indices 

spanning the period of January 1, 1998 and December 31, 2005. The performance of 

the four hedging methods are evaluated in terms of traditional and proposed HE 

measures for both in sample and out of sample. In contrast to the comparisons using 

the traditional measure, it is found that a consistent result in terms of the best 

hedging method with the use of this alternative measure is concluded. For both the 

in sample and out of sample, the CC-GARCH dominates other methods for all the 

markets except for the SP and DJ, and the best one for the two expectations is the 

EC method. This result indicates that the development of dynamic joint distribution 

models that are used to generate the hedge ratio estimates indeed have their values in 

futures hedge.  
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Table 1. Unit Root and Cointegration Tests 

Index Market ADF
(Price)

ADF
(Return) Trace δ̂  

American   
SP Spot -2.02* -45.50**

 Futures -2.02* -45.47** 34.42** 0.9955 

DJ Spot -2.93* -45.33**

 Futures -2.98* -46.59** 26.62** 0.9970 

European   
FTSE Spot -1.36* -29.56**

 Futures -1.37* -30.09** 35.98** 0.9965 

DAX Spot -1.40* -44.65**

 Futures -1.40* -44.10** 110.77** 0.9946 

Asian   
NK Spot -1.26* -44.74**

 Futures -1.31* -45.97** 216.92** 1.0005 

KS Spot -0.50* -42.11**

 Futures -0.72* -45.33** 55.36** 0.9987 

TW Spot -1.93* -40.99**

 Futures -2.09* -44.64** 11.240** 0.9981 

HK Spot -1.69* -41.69**

 Futures -1.91* -45.98** 59.28** 1.0004 

Notes: The daily spot (futures) returns are calculated as differenced natural logarithmic closing 
(settlement) prices where public holidays are removed. The sample period for the prices runs from 
January 1, 1998 to December 31, 2005 except the TW because the first futures contracts are launched 
on July 21, 1998. The values in rows ADF and Trace are statistics of the augmented Dickey-Fuller 
unit root test, and the Johansen cointegration test.  is the estimated cointegrating parameter. δ̂ **and 
** indicate significance at the 5% and 1% level, respectively.  
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Table 2. QMLE Estimates for the ECT-GJR(1,1)-DCC(1,1) Model 

Index Parameters 
SP DJ FTSE DAX NK KS TW HK

0sα  1.32e-4
(0.51)

2.22e-4 
(0.95) 

2.56e-4
(1.11)

6.71e-4
(1.53)

3.43e-4
(1.14)

0.001
(2.70)

3.33e-4 
(1.02) 

1.99e-4
(0.70)

1sα  -0.042
(-1.02)

-0.018 
(-0.45) 

0.014
(0.34)

0.025
(0.37)

-0.068
(-0.84)

-0.017
(-0.50)

0.091 
(2.41) 

0.697
(1.67)

0sβ  3.07e-6
(4.30)

2.39e-6 
(4.24) 

1.54e-6
(3.94)

3.13e-6
(4.06)

4.95e-6
(4.03)

1.41e-6
(2.42)

5.45e-6 
(4.00) 

1.76e-6
(3.86)

1sβ  0.900
(58.44)

0.906 
(72.21) 

0.905
(65.31)

0.904
(68.56)

0.898
(59.89)

0.955
(152.66)

0.896 
(63.63) 

0.935
(116.33)

2sβ  0.031
(2.15)

0.039 
(2.88) 

0.056
(3.28)

0.053
(3.68)

0.052
(4.17)

0.037
(4.53)

0.053 
(4.46) 

0.040
(5.06)

3sβ  0.068
(4.70)

0.054 
(4.32) 

0.038
(2.41)

0.041
(2.96)

0.050
(3.07)

0.007
(0.89)

0.049 
(3.30) 

0.023
(3.08)

0 fα  2.55e-4
(0.50)

2.56e-4 
(0.94) 

3.09e-4
(1.11)

7.80e-4
(1.51)

2.37e-4
(1.09)

0.001
(2.55)

4.57e-4 
(1.29) 

8.33e-5
(0.25)

1fα  -0.010
(-0.95)

-0.002 
(-0.41) 

0.046
(0.32)

0.053
(0.36)

-0.040
(-0.76)

0.054
(1.35)

0.185 
(4.40) 

0.112
(2.41)

0fβ  2.56e-6
(5.19)

1.95e-6 
(5.11) 

1.45e-6
(4.25)

2.91e-6
(4.41)

5.96e-6
(3.44)

2.50e-6
(1.60)

5.96e-6 
(4.53) 

1.48e-6
(3.43)

1fβ  0.905
(69.56)

0.911 
(81.34) 

0.910
(70.84)

0.916
(76.66)

0.899
(55.52)

0.940
(127.87)

0.888 
(71.97) 

0.949
(137.01)

2 fβ  0.038
(2.09)

0.045 
(2.75) 

0.055
(3.54)

0.046
(4.26)

0.040
(4.08)

0.049
(4.10)

0.070 
(5.75) 

0.034
(4.54)

3fβ  0.056
(4.54)

0.043 
(4.01) 

0.034
(2.68)

0.037
(3.39)

0.059
(2.94)

0.010
(0.78)

0.041 
(2.79) 

0.016
(2.29)

1θ  0.267
(4.62)

0.472 
(9.268) 

0.426
(4.18)

0.822
(45.44)

0.197
(0.94)

0.481
(11.29)

0.763 
(26.88) 

1.00e-5
(1.48e-4)

2θ  0.081
(8.14)

0.077 
(9.12) 

0.021
(3.60)

0.064
(9.48)

0.025
(2.70)

0.071
(10.73)

0.057 
(8.51) 

0.059
(10.64)

sfρ  0.965 0.964 0.970 0.923 0.952 0.924 0.906 0.946
   

(20)sQ  22.57 19.73 16.43 21.14 12.92 20.67 23.17 28.93
(20)fQ  22.60 20.84 17.05 21.17 17.55 11.30 20.69 19.15
(20)ssQ  29.48 21.05 17.53 41.25 16.81 10.83 18.77 24.19
(20)sfQ  32.80 27.52 15.04 39.48 17.53 12.70 18.70 25.84
(20)ffQ  37.26 34.61 12.35 27.45 15.86 14.75 16.55 20.79

Obs. 2013 2013 2019 2029 1967 1971 1899 1974
Notes: The entries (in the parentheses) are the Gaussian QML estimates (and their asymptotic 
t-statistics) of the model, where these parameters are estimated via a two-step estimation method. 

 for  are the Box-Pierce statistics of the standardized residuals of the spot and 
futures returns based on autocorrelation coefficients of order up to 20. Similarly,  for 

 ( i ) are (is) the portmanteau statistics (statistic) of the squares (cross-product) of the 
standardized residuals of the spot and futures returns based on autocorrelation coefficients of order up 
to 20. The critical values of the statistics are 31.41 and 37.56 at the 5% and 1% significance levels, 
respectively.  

(20)iQ ,i s f=

(20)iQ

,i ss ff= sf=
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Table 3. Hedging Effectiveness: A Comparison 

Panel A: In-sample Panel B: Out-of-sample 
Index 2

pσ  

( )510−×

2
,p tσ  

( ) 510−×

HE  
(% ) 

HEt  
(% ) 

2
pσ  

( )510−×

2
,

ˆ( )p tE σ

( )510−×

HE  
(% ) 

ˆ(HE )tE

( ) %
SP    
 Naïve 10.962a  4.786a 93.801a 94.350a  2.304a  5.195a 94.893a 92.706a

 OLS 10.267a  4.883a 94.194a 94.235a  2.295a  5.194a 94.912a 92.695a

 EC 10.451a  4.756a 94.090a 94.384a  2.274a  5.157a 94.959a 92.747a

 CC-GARCH 10.663a  4.990a 93.971a 94.109a  2.376a  5.170a 94.735a 92.736a

DJ    
 Naïve 10.849a 3.962a 93.383a 94.297a  2.212a  4.804a 94.988a 92.774a

 OLS 9.749a 3.931a 94.054a 94.341a  2.320a  4.845a 94.744a 92.684a

 EC 10.162a 3.847a 93.802a 94.462a  2.222a  4.765a 94.968a 92.813a

 CC-GARCH 9.739a 4.170a 94.060a 93.998a  2.288a  4.778a 94.816a 92.809a

FTSE    
 Naïve 9.231a 5.161a 94.945a 92.308a  1.723a  2.967a 95.184a 94.464a

 OLS 8.680a 4.742a 95.246a 92.933a  1.753a  2.921a 95.099a 94.566a

 EC 8.848a 4.922a 95.154a 92.665a  1.721a  2.920a 95.187a 94.559a

 CC-GARCH 8.588a 4.696a 95.297a 93.001a  1.810a  2.894a 94.939a 94.610a

DAX    
 Naïve 27.457a 13.044a 92.222a 92.077a 19.545a 18.759a 74.786a 81.602a

 OLS 27.119a 12.183a 92.317a 92.600a 19.189a 18.288a 75.245a 82.048a

 EC 27.139a 12.026a 92.312a 92.695a 18.946a 17.984a 75.558a 82.399a

 CC-GARCH 27.416a 11.799a 92.233a 92.833a 19.265a 17.289a 75.146a 83.168a

NK    
 Naïve 24.934a 18.491a 89.798a 89.285a 7.002a 13.761a 93.083a 89.919a

 OLS 23.421a 16.429a 90.417a 90.480a 6.852a 12.702a 93.231a 90.680a

 EC 23.633a 16.933a 90.330a 90.188a 6.783a 12.902a 93.299a 90.542a

 CC-GARCH 23.238a 16.262a 90.492a 90.578a 6.959a 12.530a 93.125a 90.812a

KS    
 Naïve 144.462a 23.749a 78.232a 86.637a 16.558a 32.053a 90.947a 86.132a

 OLS 112.608a 26.640a 83.031a 85.011a 14.111a 28.319a 92.284a 87.751a

 EC 121.991a 23.462a 81.618a 86.798a 14.220a 28.932a 92.225a 87.457a

 CC-GARCH 107.999a 23.311a 83.726a 86.884a 14.496a 27.890a 92.074a 87.907a

TW    
 Naïve 64.450a 289.541a 79.619a 40.744a 14.531a 26.173a 84.857a 83.693a

 OLS 49.248a 185.436a 84.427a 62.049a 12.819a 22.742a 86.641a 85.258a

 EC 54.540a 238.636a 82.753a 51.162a 12.994a 23.431a 86.459a 85.158a

 CC-GARCH 50.265a 153.680a 84.105a 68.548a 13.154a 21.991a 86.293a 85.815a

HK    
 Naïve 46.817a 22.564a 85.977a 87.803a 9.532a 15.123a 87.610a 86.068a

 OLS 35.278a 17.742a 89.433a 90.409a 6.842a 11.509a 91.105a 89.335a

 EC 40.491a 19.619a 87.872a 89.395a 8.078a 13.165a 89.499a 87.849a

 CC-GARCH 34.907a 17.668a 89.544a 90.450a 6.936a 11.453a 90.984a 89.385a

Notes: The , , , and  in each panel represent the unconditional hedged portfolio 
variance, conditional hedged portfolio variance, traditional HE of Ederington, and alternative HE 
estimate based on Equation (8), where  represents the sample average operator. 

2
pσ HE HEt

2
,p tσ

Ê a*indicates the 
best hedging method in each market when a particular performance measure is applied for the 
evaluation.  
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of Switching Transition Error Correction Models (STECM), it is shown that two regimes describe the 

dynamics of stock price deviations from fundamentals in the G7 countries over the period 1969-2005. 

Deviations appear to follow a quasi random walk in the central regime when prices are near 

fundamentals (i.e. transaction costs being greater than expected gains, the mean reversion mechanism 

is practically inactive) while they approach a white noise in the outer regimes (i.e. transaction costs 

being lower than expected gains, the mean reversion is very fast). As expected when transaction costs 

are heterogeneous, the STECM shows that stock price adjustment is smooth, implying that the 

convergence speed is time varying according to the magnitude of the deviation. Finally, using 
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Nonlinear Stock Price Adjustment in the G7 Countries 
 
 

 
1- Introduction 

 
Do changes in stock prices reflect those occurring in the fundamentals? Campbell and Shiller 

(2001) suggest that fundamentals cannot explain the dynamics of stock prices. However, among 

others, Poterba and Summers (1988), Fama and French (1988), Cecchetti et al. (1990), Manzan 

(2003), Boswijk et al. (2007)) show that although stock prices diverge from their fundamentals, a 

mean-reverting strength leads stock prices to converge to fundamentals. 

Why do stock prices deviate so much from their fundamentals? Stock price deviations are 

explained according to different ways. Shiller (1981) and Summer (1986) suggest that “irrational” fads 

generate persistent deviations between prices and fundamentals while Daniel et al. (1998) explain 

positive market deviations by the overconfidence of investors. Barberis et al. (1998) develop a model 

with two regimes describing the deviation: a trend regime related to “trend follower’s” investors and a 

mean-reverting regime related to “fundamentalists”. Barberis and Thaler (2003) propose a behavioral 

explanation: in the short-term, investors under-react the news about fundamentals, but they may 

slowly incorporate them in the long run. Proposing a two-regime deviation model (“mean-reversion 

regime” and “trend following regime”), Boswijk et al. (2007) confirm that investor’s behavior can 

drive the S&P500 far from what is predicted by fundamentals. This model shows that the behavioral 

heterogeneity contributes significantly to describe the dynamics of stock prices.  

This paper aims to measure the stock price deviations and to explain the stock market 

adjustments toward their fundamentals. The literature about these questions is rather scared probably 

because of the difficulty to represent the fundamental value and because of the complexity of the stock 

price deviation modeling. In this paper, we propose, on the one hand, an estimation of the stock price 

fundamental value using the Dividend Discount Model (DDM) where the expected dividends are 

represented using a Smooth Transition Autoregressive Model (STAR). On the other hand, the stock 

price adjustment process is modeled in a nonlinear framework using a Switching Transition Error 

Correction Models (STECM). While most previous studies are concerned with the American stock 

market, the present paper extends the field of empirical applications to the G7 countries, tacking into 

account the effect of the interdependence or contagion between the stock markets. More importantly, 

using indicators proposed by Peel and Taylor (2000) for the foreign exchange market, we identify the 

periods of under and over-valuation and compute the time varying adjustment speeds for the stock 

market.  

Following Anderson (1997), the hypothesis of heterogeneous transaction costs is retained to 

justify the nonlinear mechanism describing the stock price adjustment dynamics, and this approach 
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appears as a limit to the arbitrage and then to the market efficiency hypothesis, notably when investors 

expect that the potential profit is lower than the assumed costs. As shown after, these costs induce 

persistent stock price deviations from their fundamentals and a nonlinear adjustment process that is 

mean-reverting with an adjustment speed increasing with the magnitude of the deviations (i.e. Manzan 

(2003), Jawadi (2006) and Boswijk et al. (2007)). 

The rest of this article is organized as follows. The nonlinearity characterizing the stock price 

adjustment is economically justified in section 2. Section 3 presents the STECM methodology and the 

empirical results. Conclusive remarks are given in section 4. 

 

2 - Stock Price Adjustment with transaction costs 
 
2.1 - Theoretical framework: why transaction costs cause nonlinearity in stock price 
adjustment? 
 

The nonlinearity characterizing the asset price adjustment dynamics can be explained by the 

heterogeneity of shareholders’ expectations (i.e. chartists, fundamentalists and noise traders), the 

mimetic behavior and the information asymmetry (see De Grauwe and Grimaldi (2005)), Jawadi 

(2006), Boswijk et al. (2007)). We focus here on transaction costs, which represent a reality that is a 

sufficient condition to generate nonlinear dynamics. The presence of such market frictions can induce 

some delays and persistence in the stock price adjustment, hence rejecting the linear, symmetrical, 

instantaneous and continuous adjustment hypothesis of financial asset prices (see Anderson (1997), 

Michael et al. (1997), Peel and Taylor (2000) and Manzan (2003)).  

Considering the foreign market, Dumas (1992) shows that transaction costs create two zones.   

Inside the first one, called “the no trade band”, the arbitrages and then adjustments are not active since 

the expected returns are lower than the transaction costs, so that the prices can persistently deviate 

from their fundamental values. The deviations would be left uncorrected as long as they are small 

relative to the transaction costs and they would follow a near-unit root process in this zone. The 

disequilibrium is corrected only in the second zone, the exchange zone, when price deviations and 

arbitrage opportunities are large enough to compensate for transaction costs. In this region, stock price 

deviations are a white noise and stock prices can join their fundamentals with a convergence speed 

that depends on the size of the deviations. Michael et al. (1997) confirms that the foreign exchange 

rates follow a mean-reverting nonlinear process with an adjustment speed, which increases according 

to the deviation size. 

Considering the interest rate market, Anderson (1997) proposes a model with transaction costs 

to describe the dynamics of the US Treasury Bills rate. The author shows that the adjustment process 

can be represented with a nonlinear error-correction model (NLECM) and particularly with a STECM 

that was introduced by Granger and Teräsvirta (1993) and recently developed by Van Dijk et al. 

(2002). Anderson (1997) defines three types of adjustment dynamics depending to the transaction 
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costs. Let tiFtiPtiS ,,, −=  the actual deviation between the market price tiP , of equity i and its 

fundamentals tiF ,  known by all investors, and let ηi,t, the minimal theoretical stock price deviation that 

is expected by the investors when they purchase the asset i. In the absence of transaction costs, any 

investor benefits from a stock price deviation. When Si,t = ηi,t, there is no arbitrage opportunities, but 

when Si,t > ηi,t (respectively Si,t < ηi,t ), the asset i is viewed as over-valuated (respectively under-

valuated), the arbitrage would be active and the adjustment process bringing the stock price toward the 

fundamentals is continuous, linear and is characterized by a constant speed of adjustment :  

 

( ) ttitititi rLSr υηρ +ΔΦ+−−=Δ −−− 1,1,1,, )(                                                                                                 (1)                      

with:           ( ) TtFPr
T

t
tititi ...,,2,1,

1
,,, =∀−= ∑

=

                            

where ri, t is a measure of stock price deviations toward fundamentals over the detention period T, 

Φ(L) is the lag operator. Δ  and tυ designate the first difference and a white noise respectively.  

  
 
It can be seen now that the presence of transaction costs reduces the arbitrage opportunities. 

Let τ represents the transaction costs supposed to be homogeneous according to operators. When Si,t - 

ηi,t > τ or Si,t - ηi,t < - τ1, the investor is incited with arising the detention of his asset i, while when - τ 

< Si,t - ηi,t < τ, this opportunity of arbitrage disappears. With transaction costs, equation (1) is no 

longer appropriated to reproduce the price adjustment dynamics since it fails to replicate the 

discontinuity of arbitrages. In this case, Anderson shows that the following nonlinear specification 

reproduces the adjustment process both in the no-trade zone and when the opportunity of arbitrage is 

strong: 

 

( )

.0

1][:

)]([

1,1,

1,1,1,1,

1,1,1,1,1,,

τη

τηη

εηηρ

≤−=

>−=−Ω

+ΔΘ+−×−Ω−=Δ

−−

−−−−

−−−−−

titi

titititi

ttitititititi

Ssi

SsiSwhere

rLSSr

                                                            (2)                        

where (.)Ω  is a transition function.  

 

In practice, transaction costs are heterogeneous since investors do not necessarily have the same 

transaction amounts and the stock market does not apply the same cost according to the amount of the 

transactions. The disparities between individual transaction costs generate different thresholds of 

arbitrage so that the model (2) is no longer appropriated to describe the stock price adjustment. 

Introducing individual thresholds, Anderson (1997) extends this model and shows that the adjustment 

                                                 
1 τ designates the transaction costs. 
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becomes smooth and gradual rather than sudden. Let τi,j be the transaction cost associated with the 

purchase of an asset i by an investor j. A rational investor reacts to a price deviation only if τi,j is such 

as τi,j < (Si,t -ηi,t) < - τi,j. Let H(|Si,t - ηi,t |) be the cumulative density function of investors’ expenses. 

According to Anderson (1997), this function measures the proportion of assets for which investors 

expect a gain due to the price deviation. Formally, the introduction of the heterogeneous transaction 

costs in the equation (2) implies the following adjustment process:  

   

 ( ) ttitititititi rLSSHr εηηρ +ΔΘ+−×−−=Δ −−−−− 1,1,1,1,1,, )]()([                                                         (3)             

where the cumulative density function, ranging between 0 and 1, is represented by an exponential 

function defined as follows:  

( ) ( )[ ] ∞<≤∀>−−= τβτβτ 00,exp1 2 etH s                                                                                          (4) 

where β is the transition speed. ( )τsH  corresponds to H(|Si,t - ηi,t |) since stock price deviations just 

compensate transaction costs at the equilibrium price.  

 

It is worth noting that the structural representation given by equation (3) can be assimilated to a 

nonlinear error correction model of STECM type, where H(|Si,t - μi,t|) is a smooth exponential 

transition function to be estimated.  

 

2.2 - Empirical evidence of nonlinearity of stock price adjustment in the literature  

 
Studies relating to stock price adjustment are rather scared. Using the DDM to estimate the 

fundamental value for the S&P500 and the Dow Jones indexes, Shiller (1981) put into evidence a 

“volatility puzzle” characterized by the inequality σ(Pt) < σ(P*
t). Campbell and Shiller (1987) apply the 

usual linear cointegration techniques to study the relationships between the stock prices and dividends 

and reject the linear cointegration hypothesis between the two variables. These results suggest that 

fundamentals fail to explain the dynamics of stock prices although they are subject to the strong 

hypothesis that stock price adjustment is symmetrical and linear. Interestingly, Froot and Obstfeld 

(1991) compare the bubble hypothesis to the alternative of a threshold dynamic process to explain the 

S&P deviations and conclude to the validity of the last hypothesis; using a switching model, paper by 

Driffill and Sola (1998) confirms this conclusion. Allen and Yang (2004) study the British stock price 

deviations over the period 1986-2000 and confirm that a large part (about 35%) of stock price 

deviations are not explained by the fundamentals. More recently, Berdin and Hyde (2005) use the 

STAR models to capture the nonlinearity in the cyclical character of stock price dynamics for eight 

countries (Belgium, Canada, France, Germany, Ireland, Japan, the United Kingdom and the United 

States). The authors show that the process describing the stock price adjustment toward fundamentals 

depends on the state of economy (two regimes are considered: growth or recession). 
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Manzan (2003) and Boswijk et al. (2007)) also focus on the stock price adjustment in a 

nonlinear framework. The authors retain restricted hypotheses to estimate the fundamental value (i.e. a 

constant risk-free rate and a constant dividend growth), this value being assumed known by all 

investors, contrary to the stock price deviation adjustment processes which are individual, depending 

on the presence of transaction costs and behavioral heterogeneity. They show that the STAR model is 

appropriate to reproduce the mean reversion in the S&P, what implies that adjustment is asymmetrical 

and nonlinear.  

Overall, these results suggest that threshold models are appropriate to describe stock price 

adjustment dynamics. However, no fundamental value modeling is chosen with unanimity. In fact, two 

main questions arise: which discount rate is appropriate? How to represent the expected future cash 

flows? In many studies, the cash flows were measured by dividends2 while the expected dividends are 

estimated under the rational expectation hypothesis (REH) by using linear or nonlinear modeling to 

describe the dividend dynamics process.3 In addition, these studies are concerned only with the 

American stock market (S&P500) and the results cannot thus be generalized. This paper aims to 

modeling the stock price adjustment due to heterogeneous transaction costs by using a STECM 

representation which allows to measure at each date the size of stock price under- and overvaluation 

and to measure the speed of adjustment. Besides, in accordance with Driffill and Sola (1998) and 

Berdin and Hyde (2005), we use a STAR model to estimate the dividend expectations imbedded in the 

fundamental value. Our study is concerned with the G7 countries over the period 1969-2005 and takes 

into account the interdependences between stock markets.  

 

 3 - Stock price adjustment modeling in the G7 countries 
 
 We first present the fundamental values modeling and their estimations (§3.1). We focus after 

on the stock price adjustment modeling (§3.2 to §3.5).  

 

3.1 – Fundamental value estimations 

 

 In a perfect foresight world under the transversality condition, the DDM leads to the following 

recurrent equation defining the fundamental value tF corresponding to the Shiller’s  “rational ex post 

price”:  

( ) 11 1 ++ −+= tottt DiFF                                                                                       (5)                            

where i0t is the one-period to maturity risk-free rate. Dt+1 is the dividend distributed during the period 

[t, t+1]. 

                                                 
2 Among others, see Shiller (1981, 1989, 2000), Manzan (2003) and Boswijk et al. (2007). 
3 For more details on this review, see Jawadi (2008). 
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 Considering now the fundamental value under the one period ahead REH, the future dividend 

Dt+1 was replaced by the expected dividends Et(Dt+1), where Et(.) is the expectation conditional to the 

information available at time t, while the discount rate is defined as the sum of a risk-free rate and 

constant risk premium oΦ . The fundamental value is thus given by the forward resolution of the 

following relation:  

 

( ) ( )11 1 ++ −Φ++= ttotott DEiFF                                                                                                          (6) 

 

We can see that this generating process of tF  is based on rational expectations that are revised 

at each date according to new information, and this is a less restrictive hypothesis than the REH at 

time t for all future horizons which is often considered in the literature. The estimation of tF  

according to (6) requires an initial value oF  at the beginning of the period and the value of the 

constant risk premium oΦ . These parameters are chosen to reach the minimum sum of squared log-

differences between prices and the fundamental values over the period of analysis. 

 Fundamental values are estimated for the G7 countries (Canada, France, Germany, Italy, 

Japan, the United Kingdom and the United States) using monthly data over the period 1969-2005. 

Stock price and dividend series are given by the Price Indexes and the Gross Indexes from the Morgan 

Stanley Capital International database.4 The monthly free-risk discount rates are the one month 

Monetary Market Rate (MMR), and the industrial production series (CSA) were obtained from the 

International Monetary Fund’s International Financial Statistics. All data are expressed in local 

currencies. The Augmented Dickey-Fuller (1981) and Phillips-Perron (1988) stationarity tests, noted 

(ADF) and (PP) respectively, show that the G7 stock prices in logarithm are I(1). Besides, the G7 

stock return5 distributions are found to be asymmetric and leptokurtic. As a result, returns do not 

follow a normal distribution, and this may be viewed as a sign of nonlinearity in the stock price 

dynamics. 

Depending on the unit root test results applied also on dividend series, the one period expected  

dividends ( )1+tDtE  are represented with a STAR model applied to the level of dividends for 

Germany, Italy and Japan (equation (7)) and to the dividend growth rates for Canada, the USA, France 

and the UK (equation (8)): 

( )
( ) ( ) tdtptptD

ptptt

cDD

DDD

εγβββ

ααα

+Ω×+++

++++=

−−−

−−

,,110

110

L

L
                 (7) 

 

                                                 
4 The gross index takes into account the dividend investment while the price index excludes it. All indexes are closing prices.  
5 The return is defined as the stock price logarithmic first difference plus the dividends yield. 
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( )
( ) ( ) tdtptpt

ptptt

cDDD

DDD

νγβββ

ααα

+ΔΩ×Δ++Δ+

+Δ++Δ+=Δ

−−−

−−

,,110

110

L

L
(8) 

This dividend modeling is in line with that of Driffill and Sola (1998) and Berdin and Hyde (2005).6 It 

implies two regimes for the dividends associated with the extreme values of the transition function 

(Ω (.) = 0 and Ω (.) = 1), but allows for a “continuum” of regimes when 1(.)0 ≤Ω≤ . The STAR 

modeling7 for the dividend series shows that the dividend adjustment dynamics are nonlinear for all 

countries, since two significant regimes are identified in the dividend dynamics.8 This nonlinearity can 

be due to the coexistence of heterogeneous dividend policies and changes in manager strategies which 

can induce persistence and discontinuity in dividend dynamics.9 We find that the dividend dynamics 

can be reproduced by a LSTAR process for Germany and the USA and by an ESTAR model for 

Canada, France, the UK, Italy and Japan (see Appendix 1). The estimated transition speed ( γ̂ ) is 

relatively small for the most indexes, indicating that the transition between these regimes is slow due 

to the smooth character the dividend series. While applying the misspecification tests of Eitrheim and 

Teräsvirta (1996) to check the adequacy of the selected STAR model, we find that residual sets are 

near a white noise, suggesting that reproducing ( )1+tDtE  by the STAR model is thus in accordance 

with  REH.  

After replacing ( )1+tDtE  in the equation (6) by the deterministic components of the appropriate 

STAR model 1ˆ +tdD , initial fundamental values F0 were swept in the interval [P0-50%, P0+50%], while 

the interval [0%, 8%] is considered for the premium oΦ . Estimates for F0 and oΦ given in table 1 are 

those minimizing ( )
2

1
∑
=

=

−=
Tn

t
tt fpQ , where pt and tf  are respectively the log- values of prices 

and  fundamental values.   

 

Table 1: Initial fundamental values and risk premia estimates 

 Germany Canada USA France UK Italy Japan 

0F̂  73.11 80.32  85.12 72.57 86.13 57.25 129.15 

P0 100 100 100 103.67 100 80.51 100 

                                                 
6 Both the equations (7) and (8) describe the STAR model proposed by Teräsvirta (1994). (α0, α1,…, αp) and (β0, 
β1, …, βp) are respectively the autoregressive coefficients in the first and the second regime, d is the lag 
parameter defining the transition variable ( 1≥d ), γ is the transition speed between the regimes, and c is the 
threshold parameter. Ω (.) is the transition function which is continuous and bounded between 0 and 1. Ω (.) is 

either logistic : ( ( ) ( ){ } 0,1)exp1(,, >−−−+=Ω −− γγγ cc dtDdtD ) or exponential : 

( ( ) ( ){ } 0,2exp1,, >−−−=Ω −− γγγ cc dtDdtD ). It implies respectively a Logistic STAR (LSTAR) model or 
an Exponential STAR (ESTAR) model.  
7 The STAR modeling implies specification and linearity tests. For more details, see Van Dijk et al. (2002). 
8 We apply five Lagrange Multiplier (LM) tests that are explicitly detailed in Van Dijk et al. (2002). 
9 For more explanations about the nonlinearity characterizing the dividend dynamics, see Jawadi (2008). 
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oΦ̂  3.8% 4.8% 5.4% 3.95% 4.29% 6.01% 6.58% 

Note: P0 and 0F̂ are the initial values of price and the fundamental value respectively, while oΦ̂ is the risk 
premium. 
 We observe that excepting the Japan, all price indexes were over-valuated in the beginning of 

the period. Otherwise, the risk premium values seem realistic since the G7 average of premia is about 

5% per year, which is in accordance with the values obtained in the literature (among others, see 

Mehra and Prescott (1985), Siegel (1992), Cochrane (1997) and Pastor and Stambaugh (2000)). 

Figures presented in Appendix 2 show that, for all the G7 countries, the fundamental values are 

smooth by comparison with market prices and this property is in line with results from Manzan (2003) 

and Boswijk et al. (2007). Besides, the stock prices can last for a long time away from their 

fundamentals, as found by Black et al. (2003) and Manzan (2003).  

 

3.2 - Modeling stock price deviations with a STECM 

 

In a frictionless market and in particular under the absence of transaction costs, the stock price 

adjustment is symmetrical, continuous and with a constant speed of adjustment (see section 2.1). A 

linear error correcting model (LECM) is then appropriate to describe the stock price adjustment:  

titi

p

i
tt zzkz εφρ +Δ++=Δ −

=
− ∑

1
1                                                                                                        (9) 

where ρ characterizes the intensity of the stock price mean-reversion mechanism and εt is a white 

noise.  

 

However, when the stock market is not frictionless, the LECM is not appropriate. In particular, 

transaction costs induce discontinuities in arbitrages and imply nonlinear mean reversion phenomena 

with a time varying speed. When transaction costs are heterogeneous, these phenomena can be 

captured using a STECM, as shown above. Introduced by Granger and Teräsvirta (1993) and Franses 

and Van Dijk (2000) (see also Van Dijk et al. (2002)), the STECM defines an adjustment process that 

depends on the sign (LSTECM) or size (ESTECM) of the deviation. Let tftptz −= the relative 

deviation, where pt and ft are the log-values of price and the fundamentals, respectively. The general 

expression of a STECM is given by the following relation: 

 

( )[ ] ( ) titi

p

i
dttdttt zczzczzkz μφγργρ +Δ+Ω×+Ω−×+=Δ −

=
−−−− ∑

1
1211

' ,,,,1                                                            (10)      

where ρ1 and ρ2 are respectively the adjustment coefficients in the first and second regime, zt-1 is the 

lagged error-correction term, zt-d is the transition variable, φi are the AR parameters and μt→ N(0, σμ
2) 

is an error term.  
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While comparing Anderson’s theoretical model (equation (3)) and the above STECM 

representation, we note the accordance between these two specifications under some conditions. Both 

zt and ri,t being measures of stock price deviations, the relation (10) corresponds to Anderson model if 

(.)Ω   is an exponential function and if 01
' === ck ρ  and φi=0  pi ,...,2=∀ .10 For Ω(.) = 0 or Ω(.) = 

1, the STECM (10) leads to the LECM (9). For the others values of Ω(.), the adjustment is gradual 

rather than abrupt and its speed is depending on the size or the sign of the deviation: the larger the 

deviation is, the stronger the tendency to move back to zero is. This implies that even though ρ1 0≥ , ρ2 

and (ρ1 + ρ2) should be strictly negative and the linear adjustment term ρ  must belong the interval [ρ1, 

ρ1 + ρ2] in order to be conform to a nonlinear mean-reversion process in stock prices (among others 

see Michael et al. (1997)). In the first regime (i.e. the central regime), when the deviations are small, zt 

→ I(1) is near a unit root process approaching a random walk, and may also have an explosive 

behavior (when ρ1 1≥ ). In this regime, the deviations are persistent and stock prices can remain a long 

time away from their fundamentals. Instead, in the outer regimes, when deviations are large enough to 

pay for the transaction costs, the process would be mean-reverting with a convergence speed that 

depends on the size of deviations, and zt may approach a white noise.  At each date, the adjustment 

process is described by a combination of the two adjustment patterns weighted by the transition 

function tΩ  and scaled by the coefficients ρ1 and ρ2. The more the value of ρ2 relative to ρ1 is large, 

the larger stock price deviations are. Note that such a behavior can escape from the conventional linear 

cointegration framework in the sense that H0: ρ = 0 (i.e. LECM) may not be rejected even though the 

stock prices are nonlinearly mean-reverting (i.e. (ρ1 + ρ2) < 0 in the STECM). Conventional 

cointegration tests have then a weak power in the presence of market frictions (see Taylor et al. 

(2001)). In fact, what it is important is to test the linear adjustment hypothesis against its alternative of 

nonlinearity.  

Following Peel and Taylor (2000), we consider three hypotheses leading to a restricted 

specification of the STECM which have never been considered for stock markets:  

 

0: '
0 == ckH a ,   

ab HH 0210 /1: −=+ ρρ ,                                                                                                                   (11) 
bac HandHtsH 0010 ..0: =ρ       

 

Under these hypotheses, the relation (10) simplifies to: 

  

                                                 
10 See equations (11) and (12), for more details about these conditions. 
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( ) titi

p

i
dttt zzzz μφγ +Δ+Ω×−=Δ −

=
−− ∑

1
1 ,                                                                                     (12) 

 

 Relation (12) reproduces for stock price deviations a relation similar to Anderson’s model, 

characterized by two regimes, that are a random walk in the central regime (when transaction costs are 

larger than expected arbitrage gains) and a white noise in the outer regimes (when transaction costs are 

smaller than expected arbitrage gains). As we will show after, these hypotheses allow to calculate two 

indicators proposed by Peel and Taylor (2000), the first one giving per date the magnitude of under- 

and overvaluation of stock prices and the second one a measure per date of the speed of convergence 

between stock prices and fundamentals. In practice, both the unconstrained STECM (10) and the 

constrained STECM (12) will be estimated independently, so that the restrictive hypotheses 

( aH0 , bH0 , cH0 ) will be tested using a likelihood ratio test.  

 

3.3 - The specification of the STECM  

 

The STECM specification requires to define the basic linear model (LECM), to implement 

linearity tests and to choice the form of the transition function Ω(.). Concerning the first point, to 

capture the interdependence or contagion between the stock markets, we introduce in the LECM the 

current and lagged American stock price deviations as an exogenous variable in the adjustment 

process of the other G7 countries. The German (respectively French) deviations also are introduced in 

the model for France (respectively Germany) in order to capture the interdependences or contagions 

between these two markets. In the same manner, the Japanese deviations are introduced in the 

American stock price adjustment model. Moreover, change in the risk-free interest rate is retained as 

an exogenous variable in the stock price adjustment model to capture the arbitrage between the risky 

and the risk-free assets and liquidity effects. In addition, change in the industrial production also is 

introduced in the stock price adjustment in order to capture the possible influence of the economic 

state on the stock market adjustment. Formally, the equation (9) has been extended as follows: 

 

tjtj

p

j
jtj

p

j

USA
jtj

p

j
iti

p

i
tt qizzzkz εθθαφρ +Δ+Δ+Δ+Δ++=Δ −

=
−

=
−

=
−

=
− ∑∑∑∑ '

0
,0

001
1

'''

    (13) 

where zt
USA is the American stock price deviations, i0 is the risk-free interest rate and qt is the log-

index of industrial production.  

 

In practice, many specifications have been tested in order to determine the number of lags, 

using the AIC, BIC, Ljung-Box Statistics and the autocorrelation functions. As a result, we retain p = 

1, for Germany, the USA, France, Italy and Japan; p = 2 for the UK and p = 3 for Canada. The LECM 
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are estimated by the OLS and the results are given in Appendix 3. Since contemporary values of 

residuals tε  for the seven countries are found to be insignificantly correlated, it was not necessary to 

estimate the seven equations as a system.11 Our results show that most of the AR parameters are 

statistically significant at 5% or 10%. The adjustment coefficient ρ̂  is negative and significant, 

confirming a mean reversion process in stock prices for all countries, except for Italy. Furthermore, the 

interdependence or contagion effect is evidenced at 5%, since the American market strongly affects 

positively the other MSCI stock prices. A mutual contagion effect is also shown respectively between 

German and French stock markets and between American and Japanese markets. Otherwise, as 

expected, changes in short term interest rate influence negatively the stock price adjustment for all 

countries, while change in the industrial production affects positively with some delays the stock price 

adjustment only for Canada, the USA, the UK and Japan.   

We now check the relevance of the nonlinear stock price adjustment hypothesis. We apply the 

LM linearity test where the transition variable is supposed to be the lagged deviation (zt-d) for 

121 ≤≤ d  months.12 Preferably with respect to the standard linearity tests generally used in the 

literature, we apply a test that is robust to the heteroscedasticity (Van Dijk et al. (2002)). According to 

this test, the rejection of linearity implies that the nonlinearity is in mean and not in variance (Table 2). 

 

Table 2: LM linearity test results (p-values)  

Delay Germany Canada USA France UK Italy Japan 
p 1 3  1 1 2 1 1 
d̂  
p-value 

10 
(0.0) 

2 
(0.0) 

6 
(0.0) 

2 
(0.0) 

1 
(0.0) 

6 
(0.0) 

10 
(0.0) 

Note: p is the number of lags in the change of the deviation. d̂ is the optimal number of lags in the transition 
variable zt-d.  
  
 From the table, LM tests allow to reject strongly the linearity hypothesis at the 5% for all the 

MSCI indexes. This result is in line with Manzan (2003) and Boswijk et al. (2007).13 Although the 

optimal value of d varies across the countries (d = 10 for Germany and Japan, d = 2 for Canada and 

France, d = 6 for the USA and Italy and d =1 for the UK), the validity of the STECM to describe stock 

price adjustment suggests that the expected effects of heterogeneous transaction costs are not 

rejected.14  

                                                 
11 We nevertheless applied a SUR estimation: estimates were insignificantly different from those obtained with 
the OLS.  This result confirms that the seven equations can be estimated independently.  
12 According to Franses and Van Dijk (2000), we apply several LM tests (LM1, LM2, LM3, LMe

3 and LM4) for 
all possible values of d: 121 ≤≤ d , then the optimal value of the delay parameter d̂  is such that the linearity 
is the most rejected. Thus, d̂ should maximize the LM statistics and minimize the p-values of the linearity tests. 
13 These authors apply only the standard linearity test. 
14 We briefly describe the STECM methodology and LM tests. More details are in Van Dijk et al. (2002) and 
Jawadi (2006). 
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The last step in the STECM specification is the choice of transition function Ω(.). Even though 

several previous studies retained an exponential function which is conform to the transaction cost 

hypothesis (i.e. Michael et al. (1997), Manzan (2003) and Boswijk et al. (2007)), we test the ESTECM 

against the LSTECM on the basis of tests developed by Teräsvirta (1994) and Escribano and Jordă 

(1999). Table 3 gives the results for the unrestricted STECM.  

 
Table 3: Selecting the transition function Ω(.) 

 
 

Countries 
 

Delay parameter 
P-values   

(Teräsvirta tests)  
P-values  

(Escribano and 
Jordă tests)  

Conclusion

 d̂  H03 H02 H01 H0L H0E Model 

Germany 10 0.09 0.01 0.00 0.00 0.001 ESTECM 
Canada 2 0.01 0.00 0.00 0.008 0.00 ESTECM 
The USA 6 0.0009 0.00 0.001 0.003 0.00 ESTECM 
France 2 0.15 0.008 0.04 0.002 0.00 ESTECM 
The UK 1 0.00 0.00 0.01 0.00 0.00 ESTECM 

or 
LSTECM 

Italy 6 0.21 0.002 0.54 0.007 0.00 ESTECM 
Japan 10 0.24 0.004 0.001 0.00 0.00 ESTECM 

or 
LSTECM 

Note: Teräsvirta tests and Escribano and Jordă tests are useful to specify the transition function while testing 
whether it is exponential ( ( ) ( ){ }2exp1,, czcz dtdt −−−=Ω −− γγ ) or logistic 

( ) ( ){ } 1)exp1(,, −−−+=Ω −− czcz dtdt γγ ) . H01, H02 and H03 are the hypotheses of Teräsvirta tests which 
are based on Fisher tests. H0L and H0E are hypotheses tested by Escribano and Jordă and correspond to the 
auxiliary regression of the linearity tests (LM3 and LM4).15 
 
  

From table 3, the ESTECM can be retained to describe the stock price adjustment for the most 

countries since the hypothesis H02 is most rejected than the hypotheses H01 and H03. This result is in 

conformity with the theoretical effects expected from heterogeneous transaction costs. Moreover, both 

models may be retained for the UK and Japan. However, while estimating these two models, the 

information criteria conclude in favor of the ESTECM. The ESTECM is then retained for all the G7-

MSCI indexes. 

 

3.4 – Working with the ESTECM in the G7 countries 

 

 The no-restricted ESTECM (10) and the restricted ESTECM (12)) are estimated by the NLS 

method, both models being augmented with exogenous variables as indicated in (13). We test the 

restrictions aH0 , bH0 , cH0  using the likelihood ratio ( ) ( )[ ]012 θθ LLLR −=  where ( )0θL  and ( )1θL  are 

                                                 
15 More details about these tests are in Van Dijk et al. (2002) and Jawadi (2006). 
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respectively the log-likelihood of the restricted and no-restricted STECM. The ratio LR follows a χ2(q) 

distribution where q is the number of the constraints. Results given in Table 4 show that, for the seven 

MSCI indexes, the restrictions aH0 , bH0  and cH0  are statistically accepted at 5%.  

Table 4: Testing restrictions aH0 , bH0  and cH0 with the Likelihood Ratio  
 

Countries Germany Canada USA France UK Italy Japan 
LRa 0.8 0.79 0.85 0.58 0.12 0.79 0.28 
LRb 0.89 0.93 0.98 0.82 0.09 0.77 0.11 
LRc 0.93 0.74 0.97 0.90 0.08 0.67 0.80 

              Note: the table gives the p-values issued from the LR test.  

 

It is worth noting that, according to the restricted specification of the ESTECM, transaction 

costs are implicitly captured at each date. Indeed, since at time t the calculated value of the 

endogenous variable is a weighted average of the values corresponding to the outer and central 

regimes, the first regime (white noise) will appear to be dominant when transaction costs are smaller 

than expected gains while the second regime will appear to be dominant (random walk) when 

transaction costs are higher than expected gains. 
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Table 5:  Restricted ESTECM estimations 

 Germany Canada USA France UK Italy Japan 
p 1 3 1 1 2 1 1 

rd̂  10 2 6 2 1 6 10 

γ̂  0.62
(3.8)* 

0.1 

(4.4)* 
0.57
(3.6)* 

8.53
(3.29)* 

0.64
(1.63)** 

9.94 

(2.7)* 
7.65 

(2.18)* 

1̂φ  -0.06
(-1.75)** 

-0.08 

(-1.63)** 
-0.03

(-1.69)** 
0.06

(2.1) * 
-0.02

(-0.44) 
0.14 

(2.9)* 
-0.02 

(-1.63) ** 

2̂φ  - -0.02 

(-1.1) 
- - -0.46

(-9.7) * 
- - 

3̂φ  - 0.17 

(5.4) * 
- - - - - 

0α̂  0.16
(3.07) * 

0.68 

(16.1)* 
- 0.44

(7.9) * 
1.08

(21.7) * 
0.98 

(13.1) * 
0.06 

(1.2)  

1α̂  0.12
(2.4) * 

0.16 

(2.9) * 
- - -0.05

(-0.9)  
0.38 

(5.08)* 
0.35 

(6.07) * 

2α̂  - - - - 0.37
(6.2) * 

0.42 

(5.8) * 
- 

'
0α̂  0.19

(3.6) * 
- - - - - - 

''
0α̂  - - - 0.9

(20.4) * 
- - - 

 

0β̂  - - 
 

0.18
(3.9) * 

- - - - 
 

0̂θ  -0.007
(-1.73) ** 

-0.01 
(-4.2) * 

-0.03
(-6.06) 

-0.02
(-5.8) * 

-0.005
(-1.8) ** 

-0.06 

(-10.3) * 
-0.01 

(-2.3) * 
'
0̂θ  - - 

 
- 
 

- - - 0.34 
(1.98) * 

'
1̂θ  - 0.11 

(0.8) 
0.41

(1.8) ** 
- - - - 

2
zˆ σ×γ  0.07 0.006 0.08 1.2 0.04 1.3 1.1 

ADF (p) -13.9* 
( p = 0) 

-14.3* 

( p = 0) 
-14.8* 

( p = 0) 
-14.6*  

( p = 0) 
-20.3* 

( p = 0) 
-14.6* 

( p = 0) 
-14.07* 
( p = 0) 

DW 1.97 2.04 2.02 2.03 2.01 2.0 2.02 
Q(4) 0.12 0.6 2.07 1.5 0.95 4.6 2.2 
Q(12) 5.31 29.2 9.34 13.07 14.2 15.5 6.7 

ARCH (q) 5.06* 
( q = 1) 

10.8* 
( q =1 ) 

14.3* 
( q =1 ) 

0.55* 
( q =1 ) 

17.7* 
( q =1 ) 

7.9* 
( q =1 ) 

18.8* 
( q =2 ) 

N 18 47 30 45 27 25 28 
 
Note: The values under the estimates are the t-ratios. Q(4) and Q(12) are the Ljung-Box statistics. (*) and 
(**) indicate respectively the significativity at 5% and 10%. ADF and ARCH are the statistics of the ADF 
and ARCH tests. N is the number of iterations. 

  

 The ESTECM estimates under aH0 , bH0  and cH0 are reported in table 5.16. The AR parameters 

are statistically significant at 5%. There is a strong evidence of contagion or interdependence between 

                                                 
16 The restricted ESTECM augmented with exogenous variables as indicated in (13), that is estimated, is 
defined as follows: 

( ) tjtj

p

j
jtj
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j

USA
jtj

p

j
iti

p

i
dttt qizzzzz μθθαφγ +Δ+Δ+Δ++Δ+Ω×−=Δ −

=
−

=
−

=
−

=
−− ∑∑∑∑ '

0
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001
1
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the MSCI stock indexes. In particular, the current and lagged US stock price deviations affect 

significantly the stock price adjustment of the other countries. There is also significant 

interdependence between the French and the German markets and between the American and the 

Japanese markets. Furthermore, the interest rate variations affect negatively the stock market 

deviations, whereas changes in the industrial production have a significant effect only for Japan at 5% 

and for the USA at 10%.  
 The transition speed γ is statistically significant at 5% (at only 10% for the UK). The values of 

γ are relatively low, hence confirming the hypothesis of smooth transition. This implies that stock 

prices are nonlinearly mean-reverting with an adjustment speed that is time varying, depending on the 

size of their deviations from the fundamentals. For small deviations, stock prices last for long-time 

away from their fundamentals, but for large deviations - notably when they exceed the transaction 

costs - the arbitrage become active and the prices quickly revert back. Such results are on line with 

those of Black et al. (2003) and of Bohl (2003) who suggest strong evidence of nonlinear mean-

reversion in the S&P.  

 To illustrate the slowness characterizing the G7-MSCI index adjustment, we estimate the 

transition functions and plot them (on the vertical axis) against the lagged values of the stock price 

deviations (Appendix 4). We can observe that the observations are distributed around the equilibrium 

on the left and the right side, hence confirming the choice of the exponential function and the 

relevance of the regimes. Moreover, these functions are more sloping for France, Italy and Japan, 

implying that the transition is quicker in these countries. A last remark is that the functions tend to 

take high values for large deviations (notably for France, Italy and Japan) and relatively small values 

when deviations are small.   
 To check the validity of the ESTECM estimations under aH0 , bH0  and cH0 , three 

misspecification tests are applied: a test of residual autocorrelation, a test of parameter stability and a 

test of omitted linearity (Appendix 5). First, our results show that the residuals are independent for all 

the MSCI indexes. Second, the hypothesis of stability of the parameters is accepted at 5% except for 

the UK. Third, applying the robust linearity tests to the ESTECM residuals for different values of d (1 

< d < 12), we find that the nonlinearity is well captured by the ESTECM excepted for the UK.  

Consequently, these results confirm the ESTECM specification.  

 

3.5 - Gauging under- and overvaluation phases and adjustment strengths 

 

 To gauge the degree of the under- and overvaluation of stock prices and the adjustment 

strengths, we estimate two indicators ( )tzΠ and ( )tzΨ proposed by Peel and Taylor (2000) for the 

foreign exchange market but which was not applied yet to stock markets. The first indicator is defined 

as follows: 
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( ) )()(100 ttt zsignzz ×Ω×=Π ,   ( )
t

t
t

z
zzsign ≡  ,   ( ) 100100 ≤Π≤− tz                              (14)         

 

The advantage of using ( )tzΠ is to enable us to determine the stock price under- and over phases and 

to measure them according to the size of stock price deviations. The condition ( )tzΠ → 0 means  

that stock prices approach their fundamental values, while ( )tzΠ > 0 (respectively ( )tzΠ < 0) implies 

that stock prices are over-valuated (respectively under-valuated). 

 The second indicator is defined as follows:  

 

( ) )(1 dtt zz −Ω−=Ψ , ( ) 10 ≤Ψ≤ tz                                                                                                 (15)                          

 

When ( )tzΨ moves toward 1, the speed of adjustment is more and more low and zt converges toward 

a random walk. Conversely, when ( )tzΨ  moves toward 0, the speed of the stock price adjustment 

toward the fundamentals increases and zt  converges toward a white noise. 

 

 Applying these two indicators to the stock markets is a new empirical contribution and leads 

to interesting results. The values of ( )tzΠ per date for the G7 indexes are reported in figures given in 

Appendix 6. Theses figures exhibit long durations of strong under- and overvaluation of the MSCI 

stock indexes over the period. We note that the magnitudes of under- and overvaluation is generally 

lower for the UK, and this result may be due to the fact that the London Stock Exchange has higher 

transaction costs than those of other markets. 

The values per date of ( )tzΨ are reported on figures given in Appendix 7. The average 

adjustment delay from prices to fundamentals is about 5 months for the seven countries.17 Overall, the 

convergence speeds appears to be strongly time varying, asymmetrical and nonlinear. The adjustment 

strengths often appear to be more important when the stock price deviations are strong. Particularly, 

the adjustment strengths are higher and the adjustments stronger during the periods of crises (i.e. 1973, 

1979, 1987). For the USA, our results are in line with those by Manzan (2003) who shows that the 

S&P500 index was not mean-reverting during the years 1990-95. Overall, the dynamics of the 

indicators ( )tzΠ and ( )tzΨ show that stock price adjustment is at each date highly dependant on the 

country considered.  

 

 

 

                                                 
17 This average is given by the sum of the optimal values of d for the G7-MSCI indexes divided by 7. 
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4 - Concluding remarks 

 

 This paper analyses the stock price adjustments toward fundamentals as an “on/off” threshold 

error-correction model which works only when deviations exceed the threshold defined by the 

investors’ transaction costs. A strong evidence of a nonlinear mean reversion process in the G7 MSCI 

stock indexes is shown, in the sense that the adjustment speeds are rising with the magnitude of the 

deviations. According to the restricted ESTECM proposed, stock price deviations appear to follow a 

process near a random walk in the central regime when prices are near to fundamentals (i.e. 

transaction costs are greater than expected gains) while deviations approach a white noise process in 

the outer regimes (i.e. transaction costs are lower than expected gains). This model shows that stock 

price adjustment is smooth, and this result is in accordance with the expected effects due to 

heterogeneous transaction costs. Finally, although the transaction costs can appear relatively small, the 

results presented in this paper suggest that they can affect significantly the stock price dynamics.   
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Appendix 1: STAR estimations of dividends 
 
 

 Germany Canada USA France UK Italy Japan 
α0 0.06 

(0.9) 
-0.26a 

(-2.8) 
 

0.28a 
(2.2) 

-0.006 
(-0.1) 

-0.008 
(-0.27) 

0.01 
(0.1) 

5.9a 
(12.7) 

α1 0.08 

(1.1) 
0.9a 

(2.1) 
-017a

(-10.8) 
-0.73a

(-7.9) 
-0.62a

(-4.6) 
0.08a

(2.3) 
-1.02a 

(-5.7) 
α2 -0.002 

(-1.04) 
-0.27 

(-0.4) 
-3.5a

(-6.3) 
-0.71a

(-7.5) 
-0.78a

(-7.3) 
-0.06a

(-2.3) 
-2.3a 

(-6.8) 
α3 0.2b 

(1.9) 
0.75 

(1.1) 
-2.0a

(-3.6) 
-0.82a

(-9.7) 
-0.49a

(-4.3) 
0.03
(0.7) 

-1.62a 

(-13.9) 
α4 0.01a 

(2.1) 
-0.17 

(-0.28) 
-1.7a

(-3.2) 
-0.64a

(-5.6) 
-0.52a

(-4.7) 
0.01
(0.5) 

-1.6a 

(-15.1) 
α5 -0.004 

(-1.2) 
1.5a 

(2.2) 
-0.33
(-0.7) 

-0.68a

(-6.9) 
-0.13
(-1.2) 

-0.1a

(-3.3) 
0.41 

(1.3) 
α6 0.08a 

(2.2) 
3.1a 

(4.0) 
0.13
(0.2) 

-0.95a

(-8.1) 
0.57a

(3.8) 
0.25a

(8.6) 
-0.69a 

(-5.6) 
α7 -0.04 

(-0.7) 
-3.09a 

(-4.1) 
0.39
(0.8) 

-0.86a

(-7.3) 
0.44a

(2.8) 
-0.03
(-0.5) 

-0.66a 

(-3.7) 
α8 0.07 

(1.6) 
1.02a 

(3.5) 
1.07a

(2.2) 
-0.84a

(-6.7) 
0.34a

(2.1) 
0.04b

(1.8) 
1.7a 

(6.0) 
α9 0.11b 

(1.7) 
0.15b 

(1.7) 
1.2a

(2.7) 
1.02b

(1.6) 
0.004
(0.03) 

-0.11
(-1.0) 

- 
- 

α10 0.09 

(1.3) 
- 
- 

1.6a

(2.9) 
-2.2a

(-10.7) 
-0.09
(-0.7) 

0.02
(0.4) 

- 
- 

α11 0.06b 

(1.9) 
- 
- 

0.59
(1.5) 

-0.35a

(-2.1) 
-0.32a

(-3.2) 
0.06
(0.6) 

- 
- 

α12 0.05a 

(7.5) 
- 
- 

- 
- 

0.27a

(2.8) 
-0.16b

(-1.9) 
-2.1a

(-2.0) 
- 
- 

β0 1.9a 

(5.5) 
0.3a 

(3.1) 
-0.26a

(-2.0) 
5.1a

(2.2) 
2.36a

(5.5) 
4.1a

(7.1) 
-5.8a 

(-12.6) 
β1 0.42a 

(4.2) 
-2.0a 

(-4.8) 
0.7a

(3.8) 
3.3a

(2.5) 
-1.06a

(-5.2) 
0.01a

(0.1) 
0.96a 

(4.3) 
β2 -0.31a 

(-3.7) 
-0.99b 

(-1.7) 
2.5a

(-4.4) 
-1.9a

(-0.9) 
-1.4

(-0.6) 
0.04
(0.2) 

2.4a 

(6.8) 
β3 0.1 

(1.1) 
-1.3b 

(-1.9) 
1.3a

(2.3) 
4.6a

(2.4) 
-1.7a

(-5.5) 
-2.3a

(-5.3) 
1.6a 

(13.8) 
β4 -0.43a 

(-5.2) 
-0.3 

(-0.5) 
1.0b

(1.7) 
-4.1a

(-1.6) 
-1.6a

(-4.4) 
-1.1a

(-5.8) 
1.7a 

(15.1) 
β5 -0.12 

(-1.3) 
-2.0a 

(-2.7) 
-0.34
(-0.7) 

0.21
(0.22) 

-2.03a

(-5.1) 
0.06
(0.2) 

-0.4 

(-1.2) 
β6 -0.25a 

(-2.4) 
-3.7a 

(-4.6) 
-0.59
(-1.1) 

1.5b

(1.8) 
-2.4a

(-7.4) 
0.1

(0.4) 
1.4a 

(10.2) 
β7 -0.09 

(-1.0) 
-3.4a 

(-4.4) 
-0.84
(-1.5) 

1.8a

(2.1) 
-2.5a

(-7.9) 
-3.8a

(-8.7) 
0.86a 

(3.8) 
β8 -0.33a 

(2.6) 
-1.3a 

(-4.2) 
-1.7a

(-3.3) 
1.1

(1.3) 
-2.1a

(-8.1) 
-0.03
(-0.1) 

-1.6a 

(-5.8) 
β9 0.46a 

(4.9) 
-0.08 

(-0.3) 
-1.8a

(-3.6) 
-0.7

(-0.8) 
-1.6a

(-6.6) 
7.3a

(3.8) 
- 

- 
β10 -0.26 

(-0.9) 
- 

- 
-1.9a

(-3.3) 
2.1a

(2.4) 
-1.9a

(-7.1) 
-1.2a

(-12.8) 
- 

- 
β11 -0.09 

(-0.3) 
- 

- 
-0.8a

(-2.0) 
0.3

(0.4) 
-1.1a

(-6.4) 
-0.17a

(-1.0) 
- 

- 
β12 0.29a 

(2.0) 
- 

- 
-
- 

-0.5b

(-1.7) 
-0.08b

(-1.8) 
0.32b

(1.8) 
- 

- 
γ 5.3a 

(2.8) 
1.43a 

(6.9) 
0.24a

(2.5) 
5.2a

(2.8) 
0.17a

(4.9) 
0.16a

(3.8) 
66.4a 

(5.8) 
c 0.78a 

(14.8) 
-0.34a 

(-23.1) 
-0.27a

(-6.9) 
0.05a

(4.7) 
-0.31a

(-2.0) 
0.45b

(1.8) 
0.04a 

(22.1) 
R2 0.78 0.87 0.85 0.81 0.91 0.91 0.92 
N 32 26 71 53 40 50 51 
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Notes: The values between brackets are the t-ratio of the estimators. (a) and (b) designate respectively the 
significativity at 5% and 10%. Canada: 1969:12-2005:02, France: 1970:01-2004:10, Germany: 1969:12-2005:02, 
Italy: 1971:01-2005:02, Japan: 1969:12-2005:02, the UK: 1969:12-2005:01 and the USA: 1969:12-2005:02. 

Appendix 2: Stock prices and fundamental values 18 
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Japan 
 

 
Note: Y and PFA are respectively observed price and its estimated fundamental value in logarithm. 
 

Appendix 3: Stock price deviations:  LECM estimations  
 Germany Canada USA France UK Italy Japan 

p 1 3 1 1 2 1 1 
ρ̂  -0.015 

(-2.31)* 
-0.011 

(-1.68)** 
0.06
(0.9)* 

-0.0001
(-1.74)** 

-0.025
(-2.95)* 

-0.005 

(-0.63) 
-0.012 

(-2.05)* 

1φ̂  -0.013 

(-1.63)** 
0.017 

(0.4) 
-0.04

(-1.8)** 
0.029

(1.71) ** 
-0.007
(-1.15) 

-0.016 

(-1.81)** 
0.012 

(1.83) ** 

2φ̂  - -0.019 

(-1.74)** 
- - -0.14

(-2.92) * 
- - 

3φ̂  - 0.102 

(3.18) * 
- - - - - 

0α̂  0.293 

(5.14) * 
0.83 

(22.6) 
- 0.4

(7.05) * 
0.79

(16.2) * 
0.52

(7.06) * 
0.43 

(7.91) * 
1α̂  0.131 

(2.35) * 
0.09 

(1.65) ** 
- - 0.09

(1.65) ** 
0.16
(2.0) 

0.2 

(3.37) * 
2α̂  - - - - 0.13

(2.09) * 
0.14

(1.96) * 
- 

3α̂  - - - - 0.15
(3.06) * 

- - 

'0α̂  0.49 

(11.7) * 
- - - - - - 

''
0α̂  - - - 0.51

(11.67) * 
- - - 

 

0β̂  - - 
 

0.15
(4.4) * 

- - - - 
 

0θ̂  -0.0007 

(1.65) ** 
-0.011 
(-3.8) * 

-0.008
(2.57) 

-0.011
(-2.4) * 

-0.022
(-5.42) * 

-0.011 

(-2.16) * 
-0.001 

(-1.99) * 
'0θ̂  - - 

 
- 
 

- - - 0.29 
(1.64) ** 

'1θ̂  - 0.22 

(1.7) ** 
0.29

(1.69) ** 
- - - - 

'2θ̂  - - - - 0.25
(1.76) ** 

- - 

R2 0.49 0.60 0.44 0.53 0.46 0.17 0.21 
σL 0.04 

 
0.03 

 
0.03 0.04 0.04 0.06 0.04 

Q(4) 0.09 0.46 2.37 1.77 1.25 3.18 1.84 
Q(12) 3.56 31.01 10.06 13.1 14.9 17.56 5.8 
J-B  31.95* 23.58* 7.66** 27.54* 372.2* 20.3* 24.55* 

Note: Values under regression coefficients are the t-ratios of estimators. R2 is the coefficient of determination, J-
B is statistic of Jarque-Berra test and σL is standard deviation of linear model. Q(4) and Q(12) are Ljung-Box 
statistics. (*) and (**) designate respectively the significativity at 5% and 10%. 
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Appendix 4: Estimating the transition functions 
ESTECM estimations under aH0 , bH0  and cH0   
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 Appendix 5: Misspecification tests  

      ESTECM estimations under aH0 , bH0  and cH0  

Tests of  no error autocorrelation (p-values of LMSI ) 
q / serie Germany Canada USA France UK Italy Japan 

q = 1 
q = 2 
q = 3 
q = 4 
q = 8 
q = 12 

0.35 
0.62 
0.80 
0.90 
0.69 
0.89 

0.11 
0.13 
0.12 
0.23 
0.20 
0.35 

0.17 
0.24 
0.42 
0.53 
0.73 
0.75 

 

0.24 
0.44 
0.51 
0.63 
0.28 
0.27 

0.20 
0.22 
0.43 
0.57 
0.39 
0.10 

0.55 
0.46 
0.53 
0.33 
0.16 
0.17 

0.13 
0.28 
0.31 
0.29 
0.23 
0.40 

Test of parameter stability (p-values of LMc,i , ∀ i = 1, 2, 3) 
LMc, 1 
LMc, 2 
LMc, 3 

0.48 
0.67 
0.88 

0.22 
0.23 
0.55 

0.18 
0.44 
0.68 

0.17 
0.10 
0.30 

0.02 
0.01 
0.03 

0.34 
0.55 
0.75 

0.23 
0.38 
0.63 

Test of no remaining nonlinearity (p-values of LMAMR) 
d’ = 1 
d’ = 2 
d’ = 3 
d’ = 4 
d’ = 5 
d’ = 6 
d’ = 7 
d’ = 8 
d’ = 9 
d’ = 10 
d’ = 11 
d’ = 12 

0.84 
0.92 
0.94 
0.95 
0.98 
0.98 
0.92 
0.92 
0.87 
0.68 
0.80 
0.66 

0.63 
0.49 
0.57 
0.64 
0.54 
0.47 
0.45 
0.29 
0.53 
0.43 
0.41 
0.32 

0.97 
0.94 
0.87 
0.79 
0.92 
0.92 
0.80 
0.93 
0.86 
0.80 
0.69 
0.66 

0.19 
0.27 
0.46 
0.62 
0.74 
0.63 
0.40 
0.37 
0.39 
0.52 
0.64 
0.68 

0.11 
0.01 
0.13 
0.05 
0.11 
0.14 
0.29 
0.04 
0.11 
0.03 
0.03 
0.07 

0.11 
0.59 
0.11 
0.15 
0.18 
0.13 
0.48 
0.16 
0.87 
0.30 
0.57 
0.74 

0.11 
0.07 
0.06 
0.16 
0.39 
0.07 
0.15 
0.23 
0.30 
0.13 
0.52 
0.29 

 
Appendix 6: Under- and overvaluation of stock prices 

           ESTECM estimations under aH0 , bH0  and cH0  
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Appendix 7: Stock price adjustment speeds   

          ESTECM estimations under aH0 , bH0  and cH0  
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Abstract

Upon accession to the European Union in 2004 Poland was considered “the

Tiger of Europe” in the development process. This included the development of

the financial sector – the banking sector in particular. However, there has been

need for  a  complete  adaption of  the Polish banking sector  to the process  of

European integration. The paper examines the adjustment process in the banking

sector of an economy arising from a weak financial base to a country where

most banking activities are currently conducted in Central and Eastern European

Countries (CEECs). The paper scrutinizes the evolution of the Polish banking

system  since  1989.  It  also  presents  the  consecutive  stages  and  the  factors

determining the process of development and adjustment of the Polish banking

sector  to  the  European  integration  and  competition  on  the  global  financial

market.

 

The process of development and adjustment of the Polish banking sector to

the European integration and competition on the global financial market 

1. The introduction

The  remodelling of the Polish banking system commenced with the transformation

process  and transfer  from a centralized economy to a  market  economy at  the  end of  the

1980s1. The process lasted for several years and required considerable commitment from the

1 A number of researches have been conducted in Poland so far and the results have been Publisher in among
others: Financial Reform in Emerging Market Economies. Quantitative and Institutional Issues, T. Kowalski
(ed.), Akademia Ekonomiczna w Poznaniu, Poznań 1997;  R. Kokoszczyńsk, Structural Changes in the Polish
Banking Industry – Three Dimensions of Consolidation in a Emerging Economy, BIS Papers, No 4, 2001. A.
Paliński, Evaluation of Bank Debt Restructuring in 1992-1998 for Selected Polish Banks, Bank i Kredyt, NBP,
12/1999; Polskie banki w drodze do Unii Europejskiej, W. Jaworski (ed), Poltext, Warszawa 1997; E.
Balcerowicz,  A. Bratkowski, Restructuring and Development of the Ranking Sektor in Poland: Lessons to be
Learned by Less Advanced Transition Countries, CASE, Research Report No 44, 2001.
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state  authorities.  Before  that  there  were  only  few  state  banks  in  Poland  and  1662  co  -

operative banks. Among those banks the National Bank of Poland (NBP) was the leading

bank and had a predominant position on the Polish market. Its main function was that of the

central  bank of  Poland but  at  the  same time it  rendered services  to  business  and private

individuals2. The operations of other banks were fully subordinated to the implementation of

the centralized credit plan which constituted part of the overall social – economic plan on the

development  of  the  country.  Thus,  the  banks’ operations  were  completely  monitored  and

controlled  by  the  state.  The  decisions  on  the  interest  rates,  credit  limits  as  well  as  the

assignment  of  the  institutional  customers  to  a  selected  banking  outlet  were  centralized.

Therefore,  no competition between the banks was possible.  Banks focused mainly on the

financing of the state business and increasing the number of the customers’ savings accounts.

Granting loans was strictly controlled and fully limited. The banks did not have to attract the

customers or care for the quality of the services or even the effectiveness of their operations. 

The commencement of the economic reorganization and the increasing need of the

implementation  of  the  new  tasks  by  the  banks  was  a  decisive  factor  which  triggered  a

thorough restructuring of the banking sector. Thus making it the first sector to undergo all the

crucial  modifications  in  the  whole  economy3.  With  all  the  modifications  of  the  Polish

economic system, the banks took part in the restructuring process and the privatization of the

state companies but also continued to collect personal savings, transformed the maturity and

risk, dealt with the transfer of the capital from the deposit makers to the investors as well as

the improvement in the clearing operations. Poland’s membership in OECD and EU made it

necessary to adjust the banking system to the requirements of the European integration and

the level of competition present on the mature economic markets. All the necessary steps that

were  taken in  that  area  resulted  in  the  modification of  the  banking system structure,  the

increase  of  the  banks’ active  participation  in  the  market  economic  changes  as  well  as

adjustment of the service level to the world standards. 

The analysis of the banking system development process in Poland covers the years of

the economic transformation as well as the first three years of Poland’s membership in EU.

2 P. Wyczański, System bankowy w Polsce w latach 1989 – 1990, Bank i Kredyt 2007, nr 2. s. 62.
3J. Szambelańczyk, W. Wilczyński, Der Wiederaufbau der Geldwirtschaft und die Transformation des
Bankwesens in Polen, in: H. Herr und K. Hübner (Hrsg.), Der „lange Marsch“ in die Marktwirtschaft.
Entwicklungen und Erfahrungen in der VR China und Osteuropa,  Fachhochschule für Wirtschaft Berlin, FHW
Forschung 34/35. Berlin 1999; L. Balcerowicz, Financial system development, Bezpieczny Bank, Special
Edition 2005, S. 9-17.
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The quantitative analysis  is  based on the data  published by the National  Bank of  Poland

(NBP)4. 

2. Development stages of the Polish banking sector 

Stage I – The establishment of the two level banking system 

The development of the new banking system began with the proper ideas that emerged

in NBP already in the year of 1986. The assumption was to establish a competitive banking

sector consisting of the independent and self – financing entities and restore the customer’s5

right to a free choice of the bank. Based on the universal banks they accepted the so called

German – Japanese model of the financial market.  In January 1989 the Parliament passed the

legal acts which constituted the framework for the new banking system6. These acts, among

other things:

- allowed the functioning of the state banks, the private banks as the joint stocks as well

as the co – operative banks on the market,

- sorted out the relations between the banking system and the State Treasury,

- increased the scope of the banking operations,

- anticipated the establishment of the Bank Control Association.

In accordance with the above assumptions the two level banking system was created and it

consisted  of  the  central  bank  and  the  credit  banks.  The  National  Bank  of  Poland  was

transformed into a modern central bank without commercial operations. Its leading role was

to  control  and  monitor  the  other  banks’ operations,  namely  the  operations  of  those  nine

regional  commercial  banks  that  emerged  form  the  structures  of  NBP.   It  is  when  both

qualitative and quantitative development of the banking sector began. (Chart 1). 

4 Data can be accessed from the National Bank of Poland website www.nbp.pl and The Polish Financial
Supervision Authority www.knf.gov.pl
5 P. Wyczański, Współczesny system bankowy w Polsce – geneza i uwarunkowania rozwoju, Bank i Kredyt
2005, Nr 1, s. 2-3.
6 Ustawa z dnia 31 stycznia 1989 r. Prawo Bankowe, Dziennik Ustaw z 1989 r., Nr 4, poz.21,;  ustawa z dnia 31
stycznia 1989 r. o Narodowym Banku Polskim, Dziennik Ustaw 1989 r., Nr 4, poz. 22.
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Chart 1

The number of banks in Poland based on the property structure in the years 1987- June 2008
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Source: Prepared based on NBP and KNF data.

At the beginning the banks, that emerged form NBP, were the state banks but next they

were transformed into a single entity company of the State Treasury. The new regulations

allowed to establish the commercial banks based not only on the state capital but also on the

private capital –  coming from both internal and external individuals. The two factors made

the  establishment  of  the  new  banks  possible,  namely  limited  official  and  organizational

requirements as well as low funding capital required. Many of the newly established banks

had serious financial problems already at the beginning of their operations. In order to prevent

further  establishment  of  small  banks  with  low  capital,  the  authorities  introduced  new

requirements - more rigid license granting policy and 5 ml ECU as a minimum amount of the

initial capital. At the end of 1992 the legal and other norms for the banking system were

operative, the banking control system introduced, the modernization and restructuring of the

banks commenced and preparations for privatization of the state banks began. 

Stage II – Privatization and restructuring of the banking sector 

The restructuring of the banking system was commenced in a very difficult economic

situation – high inflation and falling revenues of the companies and the households. Such a

situation and a very liberal license granting policy, large state companies’ debts and numerous

mistakes related to granting new loans resulted in the financial problems of many banks, the
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loss of the customers’ trust and the commencement of the repair procedures. It was necessary

to restructure credit portfolios and supply the banks with the additional capital.  The State

authorities and the central  bank of Poland decided to take part  in this process due to the

existing  threat  for  the  whole  banking  sector.  They  created  the  legal  framework  for  the

restructuring of the banking sector7.  The act on restructuring of the banks and enterprises

which was put into force in 1993 had three basic purposes8:

- to strengthen the whole banking sector, mainly all the banks being the property of the

State Treasury,

- to fasten the restructuring process by the elimination of the enterprises incapable of

functioning on the existing market,

- to force the ownership related modifications in the enterprises.

The result of the restructuring of the banks and enterprises was the establishment of the basis

for a long – term cooperation between the banks and the economic entities. The banks became

the major supplier of the capital for the enterprises and began to have impact on their financial

operations. 

At the same time the privatization process of the state banks was fully fledged. The

two first banks were privatized in 1992 and their shares were quoted on the Warsaw Stock

Exchange. Initially, the banks’ privatization was a slow process, which was subordinated to

the needs of the State Budget9. The approved privatization strategy based on the search of the

strategic branch investors ( there were no strategic investors in Poland ) as well as lack of the

Polish capital resulted in the leading role of the foreign capital10 in the privatization process.

At the beginning, the foreign investors were allowed to purchase the minority shares only but

at the end of 1990ties they also started to sell the majority shares to the so called strategic

investors, who took over the banks. These investors were expected not only to capitalize the

banks  but  also  introduce  modern  technological  solutions  as  regards  the  organization  and

management.  When the banks’ privatization process started,  the total  share of the foreign

banks in the banking sector assets was barely 2,6 % and at the end of  1997 – it amounted to

15,3% . 

7 Company and banking restructuring Act of 3 February 1993 and the cooperative banking restructuring Act of
24 June 1994. On this basis cooperative banks have a three level organizational structure with the Bank
Gospodarki Żywnościowej as a national body, 11 regional banks and many affiliated cooperative banks under
them.
8 J. Solarz, Rozwój systemów bankowych, Biblioteka Menedżera i Bankowca, Warszawa 1996, s. 140.
9 J. Solarz, Rozwój systemów bankowych,  s. 134.
10 According to the principles of privatisation of 1991, foreign capital cannot be more than 30% of total share
capital.
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Stage  III  –  Consolidation  and preparations  for the  functioning  of  the  banks  on the

unified EU market 

This stage of the development of the banking sector was determined by the adjustments

resulting from the integration process between Poland and the European Union. Polish Banks

ran regular harmonization process of the banking law to the EU Directives and they prepared

the banking sector for the functioning on the unified European market. In 1998 the new law

acts were put into force, namely the banking law and acts on NBP11. Those acts introduced

many changes, especially those connected with the security of the banking operations. They

increased the consolidation processes, the purpose of which was, above all, to strengthen the

strategic potential of the banks.  Till 2002 over 30 commercial banks merged with other banks

or were taken over either by national or foreign banks. As a result of such a process new

financial institutions were established that turned out to be stronger organizational and capital

wise.  They were  strong enough to  compete  with  foreign  banks  and meet  the  customers’

expectations. Thereafter new banks specializing in mortgage and car loans appeared on the

market. As a result of all the changes the total number of banks decreased:

- commercial banks: from 81 at the end of 1997 to 54 at the end of 2004, 

- co – operative banks: from 1295 at the end of 1997 to 596 at the end of  2004.

The commercial banks with the foreign capital became the leading ones in the sector at

that period. And the number of the co – operative banks, as an outcome of the consolidation

forced by their low capital, decreased by half. When Poland joined  UE in 2004 the basic

regulations,  as regards the financial  market,  were adjusted to the norms required and the

banks were prepared to function in the new environment. The basic purpose of many banks

was to achieve such a level of financial services which would be approved all over the world.

Since  then  the  banks’ financial  results  improved  considerably  and  have  achieved  certain

stabilization in the sector. This is as a result from a very good economic situation on the

market.  More  and  more  foreign  financial  institutions  have  successfully  launched  their

business  in  Poland.  Commercial  banks  still  continue  to  consolidate  and  that  is  mainly

resulting from mergers and takeovers on the world markets. As regards the co – operative

banks, the process is rather slow and it  is due to low own capital.  The banks started the

process of implementation of the New Capital Agreement12.  

3. The security of the banking sector
11 Banking Act of 29 August 1997. Dziennik Ustaw z  1997  r., Nr 140,  poz. 938; National Bank of Poland Act
of 29 August 1997, Dziennik Ustaw z 1997  r., Nr 140,  poz. 939.
12 E. Kulińska-Sadłocha, Entwicklungsfaktoren des polnischen Bankensystems in  den Jahren 1989-2007,
Osteuropa –Wirtschaft, 53. Jhg., Nr 1, Hrsg. Deutschen Gesellschaft fur Osteuropakunde e.V. Berliner
Eissenschafts-Verlag 2008, s. 13-28
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When the Polish banking system was in a process of restructuring, it became necessary

to ensure the safety of its operations as well as the safety of its depositors. In 1989 the first

important institution was established, namely the institution of banking monitoring. NBP was

responsible for the control of the banks’ operations till the end of 1997 and since January

1998 this function was taken over by the Bank Control Association. (KNB). Based on the law

act of 1997, Banking Act, KNB took over all the discretion previously used by NBP and its

President. In accordance with the solutions approved KNB – despite its relations with NBP

President – was officially the body independent from the central bank. However, the executive

body of  the Committee was the General  Inspectorate  of  the Bank Control  Association  -

selected in NBP structure (GINB). 

The placing of the Bank Control Association in NBP’s structure was criticized from

the very beginning. Its opponents were of the opinion that the banking control should be an

independent institution fully separated from the NBP structure. Leaving it there resulted in the

situation when it did not protect the interests of the bank but supported the central bank.13. The

subject concerning the place and the structure of the banking control was raised again when

Poland  joined  UE.  In  the  age  of  the  banking  market  deregulation,  the  establishment  of

financial holdings, the institutions of developer structures and localization, operating on many

markets, it became necessary to consolidate the monitoring of the financial market14. In 2005

KNB started the preparations for the establishing of the institution of the integrated control

over  the  financial  market  –  banking,  insurance  policy,  pension  and  capital  ones  –  the

Committee of the Financial Control (KNF). At the beginning of 2008 this Committee took

over the last sector of the financial market, namely the control over the banks – selected from

the central bank 

In the situation of the increasing crisis threat at the beginning of 1995 the so called Bank

Guarantee Fund (BFG)15  - the institution to guarantee the security of the banking deposits -

was established in order to provide security to the banking system as well as the depositors.

Poland  adopted  the  model  in  which  the  guarantee  fund,  apart  from its  guarantee  related

function,  also  provides  the  supplementary  function  called  risk  -  minimizer  model .  that

guarantee covered all the banks.

The guarantee function is directly related to the security of the deposits placed with the

bank. Secured are the individual PLN and foreign currency deposits as well as the liabilities

for the bank resulting from the banking operations of the individuals and legal entities up to
13 Banki w Polsce, red. W. Jaworski, Poltext, Warszawa 2001,  s. 91-92. 
14 W. Baka, Bankowość centralna, Biblioteka Menadżera i Bankowca, Warszawa 1998, s. 75.
15 Bank Guarantee Fund Act of 14 December 1994, Dziennik Ustaw z 2005 r.,  Nr 4, poz.18.
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22.500  euro,  in  accordance  with  the  Regulation  19/94/EC16.  Currently,  due  to  the  global

financial crisis the guarantee Has been hiked to 50000 euro17. As part of its statutory rights

BFG is allowed to provide a repayable financial support to the banks for the reform process of

those banks that face bankruptcy at the minimum costs, just like the American FDIC.  

4.  The current standing of the Polish banking sector

At present, in the banking sector there are large universal banks, small specialized banks

as well as local banks. At the end of June 2008 there were 644 banks (Chart 2), of which: 

- 10 were commercial banks  (including: 4 with the majority of the state capital; 6 banks

with the majority of the Polish private capital)

-  40 were the banks with the majority of the foreign capital  (including;  19 banks with

100% of the foreign capital; 16 with the majority of the foreign capital and 5 owned by

the foreign investors)

- 15  are the affiliates of the foreign credit institutions,

- 579 are the co – operative banks.

16 J. Szambelańczyk, H. Burmistrzak, Bank Guarantee Fund – A New Institution In the Polish Banking System,
in: T. Kowalski (Hrsg), Financial Reform in Emerging Market Economies. Quantitative and Institutional Issues,
AEP, Poznań 1997.
17 The Bill was signed by the president of Poland, Lech Kaczyński, on 24th November 2008.
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Chart 2:

The number and the ownership structure of the banks operating in Poland  

at the end of June 2008

10 40 15 

579 

National commercial banks Banks w ith a majority share of  foreign capital

Branches of foreign crediting institutions Co-operative banks

Source: Prepared based on KNF data, www.knf.gov.pl

At the end of December 2007 the banks in Poland had 13 459 operating outlets, of which over

9 000 belonged to the commercial banks. The population ratio per one outlet was 2832 and

was almost  twice as  high as  compared to  the  most  developed EU countries.  Taking into

consideration the direct contact with the banks, so much preferred by the majority of the

society, there exist large possibilities of the development of the branch and outlet network. 

The weakness of the Polish banking sector is the fact that the banks are not the best as

regards the economic potential. Their capitals and assets are much lower as compared to those

of the important European banks. The largest bank in Poland till November 2007, namely

PKO BP SA18 - as regards its assets – is on the 229 place in the 2006 world banks’ ranking –

TOP 200619.  Among 15 biggest banks operating in Poland there were only three with the

majority of the foreign capital (Chart 1). Ten of them is already quoted on the Warsaw Stock

Exchange and their total assets amount to 62% of the total assets of the whole system

18 Due to the takeover of some branches of  Bank BPH by Pekao SA on 30 November 2007 – bank PKO BP  SA
was pushed to second on the list of Poland’s largest banks.
19 Top 1000 World Banks 2006,  www.thebanker.com
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Table 1

15 biggest commercial banks as regards their assets

No. Name of the bank Assets 
mln
PLN

Own
capital
mln
PLN

Type  of
capital/country  of
origin

Share
capital
% 

  1
  2
  3
  4
  5

Bank Polska Kasa Opieki SA
PKO BP SA
BRE Bank SA 
ING Bank Śląski SA
Bank Zachodni WBK SA

124 096
108 568 

55 983
52 011
41 332

11 015
9 983
3 971
2 983
3 781

foreign- I
state - PL
foreign - D
foreign - NL
foreign - IRL

59,28
51,49
70,00
75,00
70,50 

  6
  7
  8
  9
10

Bank Handlowy SA
Bank Millennium SA
Bank Gospodarstwa Krajowego
Kredyt Bank SA
BankGospodarki Żywnościowej SA

38 008 
30 530
27 659
27 128
20 281 

3 111
2 872
1 191
2 063
1 721

foreign-USA
foreign - P
state - PL
foreign  -  B
foreign - NL

75,00
 65,50
100,00
80,00 
59,35

11
12
13
14
15

Raiffeisen Bank Polska SA
Getin Bank SA
GE Money Bank SA 
Fortis Bank Polska SA
Bank BPH SA

17 315
15 122
14 611
14 211
13 027

1 219
1167

1 884
1 381
1 205

foreign- A 
national – PL
foreign-USA
foreign - B
foreign-USA

100,00
99,39
100,00
99,19 
65,9

Source: Prepared based on the banks’ financial reports and NBP data as well as KNF data.

In practice, the market in Poland is dominated by 10 banks, whose assets constitute

65,6 % of the total assets of the banking sector. Taking into consideration the co – operative

banks, the rest of the banks take nearly 30 %. These are mainly small banks of local nature or

specialized small banks. The accumulation of the banking sector in Poland is not too high.

The accumulation ratio in relation to CR5, CR10 and CR5 for the assets, deposits and loans

continued to decrease since 2003 and in June 2008 CR5 was 45,5% for the assets, for the

deposits 56,2% and for the credits 43,9% (table 2). HH index (Herfindahla-Hirschman`a)

remained at the following level: 0,0550, 0,0786 and 0,0580. 

Table 2

Percentage contribution of the biggest banks In the banking sector, as At 30th June 2008

Kryterium 5 banków 10 banków 15 banków
Share in total assets 45,5 62,9 73,6
Share in deposits from customers 56,2 71,5 78,7
Share in credits to customers 43,9 59,7 73,1
Share in equity 45,3 62,8 72,9
Share in net profits 61,5 74,6 81,8

Source: Prepared based on KNF data, www.knf.gov.pl
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Due to advantageous macroeconomic situation and large interest in loans, the financial

–  economic  situation  of  the  banking  sector  improves  each  year.  The  solvency  ratios  are

maintained at the level higher by 4 points from the required 8%. It means that most of the

banks not only have the capital to cover the operating risk but also generated the surplus that

allows them to cover higher risk. Nowadays, the banking sector generates extremely high

financial income. At the same time the number of the bank branches has flourished leading to

a higher employment creation in the sector. Banks reach high profitability,  thus providing

their customers with high return on the invested capital. 

5. Foreign capital in the Polish banking sector

At the beginning of the restructuring period, the biggest obstacle for the establishment

of the new banking system was lack of Polish capital and the relevant banking knowledge and

experience. It resulted in the situation that foreign strategic investors were privileged from the

very beginning of the privatization process and the restructuring of the banking sector. They

were the only source of the capital at hand as well as the most modern banking know – how.  

In the process of the privatization of the whole banking sector the attitude of its owner,

that is the State Treasury, towards the foreign investors changed under the influence of the

politicians. First of all, the foreign banks were encouraged to invest in Poland, but when it

turned out that they became too competitive for the Polish banks, they introduced more rigid

regulations  (  granting  the  license  depended  on  the  investor’s  commitment  in  the  bank’s

restructuring process ), and  at the end the responsibilities and the rights were made equal for

both foreign and Polish banks.  Already in 1999, in the Polish banking sector the leading

banks were those controlled by the foreign investors and their number increased considerably

each year. At the end of June 2008, the foreign investors controlled 39 commercial banks i .

Their market share measured by the assets volume was 71,4%, loans – 70,5% and  deposits –

67,9%. As compared to other European countries it is one of the biggest20 market share. Not

only is the share of the foreign investors in the funding capital of the Polish commercial banks

high  - 68,6 % - but it is also strongly dispersed (tab. 2).  

20 The least participation of foregn banks in the assets of the banking sektor in the CEECs can be noted in Latvia
(58%), Slovenia i Turkey (19% each) and Russia  (9%). The biggest participation of foreign capita is in Croatia
(91%), Slovakia (98 %) and Estonia (99%). 
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Table 2

Foreign investors’ share in the assets of the banking sector in accordance to the country of
origin as at 30th June 2008

No. Country of origin Number of banks controlled
and owned branches 

Share In the assets of the
sector (%)

1 Italy 4 15,5
2 The Netherlands 5 11,1
3 Germany 9 9,7
4 USA 5 7,3
5 Belgium 4 5,9
6 Ireland 2 5,1
7 France 10 4,2
8 Portugal 2 3,8
9 Austria 1 2,3

10 Sweden 3 2,2
11 Greece 1 1,7
12 Spain 2 1,0
13 Norway 1 0,6
14 Denmark 2 0,5
15 The UK 1 0,3
16 Japan 2 0,2
17 Luksemburg 1 0,0

 Total 55 71,4

Source: Prepared based on the banks’ financial reports and data by NBP and KNF.

The origin of the capital has a considerable impact on the gradual departure from the

German – Japanese banking system model, adopted at the beginning stages, and heading in

the direction of the establishment of the new model which would take into consideration the

changes that occur in the world economy as well as the specific Polish nature. Nevertheless,

the  elements  of  the  German –  Japanese  banking system model  still  prevail  in  the  Polish

banking system. 

 6. The summary

The changes that took place in the Polish banks within the last 19 years resulted in

their present technological advancement and the level of services equal to those rendered by

the banks in the well – developed countries. The establishment of the new banking system in

Poland was a complicated and long – term process.  As a  result,  the modern two – level

banking system was created with the National Bank of Poland being the central bank and the

commercial  banks.  Its  structure  and  present  financial  situation  results  mainly  from  the

transformation  process  which  was  influenced  by  many  factors  such  as:  changes  in  the
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structure and the volume of the demand for the banking services, harmonization with UE,

tendency to globalize the financial services, the creation of the financial conglomerations,

banking innovations and the development of IT technologies. The decisions made at that time

had the impact on the present situation in the banking system but also on the directions of its

further development. 

Analyzing the process of development and the adjustment of the Polish banking sector

to the European integration and competition on the global financial market, it is easy to notice

that its present shape and condition were modified by such factors as:

- The system transformation process and a need to take new tasks by the banks;

- At the initial stage of the transformation process, when Poland was not restricted by EU

statutory  resolutions,  the  state  authorities,  undertook  the  operations,  the  purpose  of

which was to protect  the Polish banks.  Among those operations were the following

ones: financing the banks from the state budget, granting preferential loans, enabling the

cross - border services;

- The  legal  changes  in  the  banks’ functioning  resulted  from  the  adjustment  of  the

regulations to the market economy, including OECD norms and EU instructions;

- Changes in the structure and volume of the demand for the banking services resulting in

a need to adjust the banking system structure and its offer to the needs of the customers;

- The participation of the foreign investors in the privatization and restructuring process

of banks;

- Tendency to the globalization of the financial services; 

- Banking innovations and the development of IT technologies. 

Among the above mentioned factors the one related to the contribution of the foreign

investors in the shaping of the Polish banking sector is especially important. Their role, at the

beginning, was limited to the transfer of technology and insuring stable functioning of the

banks, in which they took over the functions of the strategic investors in the situation of

system crisis threat. However, against the expectations – they did not capitalize the Polish

banks (the growth of the capitals resulted exclusively from the so called revenue

maintenance), but they modernized the banks, introduced modern technologies as well as the

management standards (especially risk management standards), but also ensured access to the

banking innovations. Large share of the foreign capital in the Polish banking sector makes it

the most crucial factor determining the directions of the further development of the banking

system. 
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Introduction 
 
The financial services industry has become increasingly globalized and competitive.   
Large financial institutions based in large economies would seem to have the 
advantage in this environment.  Yet a relatively small investment bank by the name of 
Macquarie Bank, based in the relatively small economy of Australia (approximately 
14h in GDP, less than 2% of the world’s total), has rocketed to a place of prominence 
in the field of infrastructure finance.  In 2006 the company successfully led 
consortiums that took over leasing and operation of the Chicago skyway and the 
Indiana toll roads in the United States, the largest surface transportation privatizations 
in that country’s history since the building of the Intercontinental Railroads.  In 2007 
the firm successfully bid to take over Thames Water in London.  Even its failed bids, 
most particularly its attempt to buy the London Stock Exchange, point to an 
internationalized powerhouse.  And these were only the most prominent of an 
ongoing slew of such transactions throughout the world. 
 
This paper examines the value creation model employed by Macquarie Bank, the 
worldwide leader in private infrastructure finance.   Macquarie, an Australian firm, 
uses an infrastructure investment model that has been the subject of much imitation.  
A combination of merchant bank and venture capital fund, along with asset operator 
and funds manager, the firm has been a leader in transport and infrastructure 
privatization, first in its home territory of Australia, and now across the world.  
 
The Macquarie case is interesting because the firm has internationalized by 
developing a unique market expertise; transformed this expertise into a set of core  
capabilities; and leveraged both of these components within a structure of corporate 
entrepreneurship.  The strategy also appears to be replicable since it has spawned a 
number of competitors.  As such the Macquarie case may offer a new hybrid model 
for financial services globalization. 
 
However, the turbulent events surrounding the subprime crisis have shown the limits  
of the model as well and raise questions about the sustainability of strategies that 
make have leveraging as a central component. 
 
Competing in international financial markets 
 
Globalization is the universal trend in economic markets and the market for financial 
services is no exception.  Although there is no simple measure, data on cross-border 
financial claims, foreign currency denominated claims, and offshore activity have all 
trended upwards over the past ten years, showing the increasing world-wide scope of 
banking.  Similar trends can be seen in activities such issuance of debt securities on 
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international markets.1 
 
TABLE 1: SELECTED MEASURES OF FINANCIAL SERVICES GLOBALIZATION 
 
a. Countries of origin for the world’s ten largest banks (by assets) 
 
2005: US (3); UK (2); Germany (1); Switzerland (1); France (1); Japan (1) 
1990: Japan (7); France (3) 
 
b. US banks with foreign branches/number of foreign branches in US 
1990: 122/833 
2006: 37/713 
 
c. Stock Market capitalization of selected countries -- % of world total 
  1990  2005 
US   32.6%  39.0% 
UK    9.0%    7.0% 
Japan  31.0%  10.9% 
HK   0.9%    2.3% 
India   0.4%    1.3% 
China   ---      1.8%  
Australia  1.1%    1.8% 
 
d. Banks reporting cross-border claims (total US $) 
Q1 2007: $28.5 trillion (up $2.2 trillion from Q1 2006) 
Q1 1995: $345 billion 
 
Sources: (a) American Banker, 1991 and 2006, “The World’s largest banks”.  Data are for 31 December 
(b) Board of Governors, US Federal Reserve System 
(c) Standard and Poor's, New York, NY, Standard & Poor's Emerging Stock Markets Fact book 2006 
(d) BIS Quarterly Reports, September 2007 and August 1996 

 
Scale and scope of operation have long been important in building successful 
financial intermediaries, especially in international settings.  Most academic banking 
studies find that existing banks often could improve their financial performance by 
increasing their scale of operations, either overall or across specific product 
categories.  Findings on scope, i.e. diversification, are more mixed but for many 
institutions a strategic expansion in the product mix could offer definite payoffs.2 
 
Successful financial institution internationalization tends to take two routes.  One 
strategy is to build up a broadly diversified set of financial service offerings.  This is 
the path chosen by most international banks such as Citigroup, UBS, Deutsche Bank 
and so forth.  Most of these institutions are either based in very large economies 
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where the home institution has been able to build diversification domestically first 
(e.g. the US and Germany), or are based in small economies that have long been 
financial entrepots (e.g. Switzerland and the Netherlands).  These institutions tend to 
be well-capitalized and use their wealth as a base for going offshore in a substantial 
way. 
 
Another strategy to build up scale is to specialize in a global niche.  Credit card 
processing is a prime example of such a strategy where banks such as MBNA have 
developed specialties in credit card branding and IT management to become global 
leaders in the field.   In investment banking activities specialty leaders have long been 
common, with firms such as Goldman Sachs and Morgan Stanley being world leaders 
in services ranging from underwriting, mergers and acquisitions and fund 
management.  The general pattern in niche plays of this sort is to take an established 
financial function and deliver it ‘better’ than anyone else, typically through some sort 
of innovation.    
 
The niche strategy is particularly useful, but not exclusively limited to, institutions 
based in smaller economies.  As discussed further below, Macquarie Bank of 
Australia has used the niche strategy to build into an institution of global prominence.  
The bank has invented an essentially new niche market – infrastructure finance – and 
has built it up through an evolving set of processes that have allowed the firm to reap 
economies of scale, and in certain ways, scope, within that niche.   
Its strategy, however, also has raised some issues about risk management, issues 
which the bank says it has addressed and which the current crisis is testing 
 
Key elements of financial services internationalization: theory 
 
Financial services provision is a unique business in many ways.  First and foremost, 
the role being offered is one of intermediary: value is added indirectly through the 
facilitation of funds movements from surplus funders to deficit funders.  Second, a 
significant driver of the business involves the strategic use of financial leverage to 
earn a spread of one sort or another; this is the basic driver of firm-specific return.  
Third, there is significant system externality to most financial intermediation functions.  
Provision of overall liquidity is a public good and this means that individual credit and 
lending decisions can sometimes be driven by or have potentially significant systemic 
impacts; this is a key driver of downside risk (in the event of negative externality) and 
non-firm specific synergy (in the event of positive externality)).  All three elements 
combine to make this an industry in which regulation (and deregulation) plays a 
significant role. 
 
In a sense, any party with access to surplus capital could be a financial intermediary 
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channelling funds to those that need them; however, the most successful 
intermediary will be one that has built specialised knowledge that can be accessed 
and tailored to meet competitive needs and challenges; a key underpinning of that is 
an internal firm structure, culture, and set of systems that develops and embeds such 
knowledge in a flexible and nimble way.  Note that these are general statements.  It is 
possible for exceptions to occur, especially where there is some starting point of 
regulatory or wealth advantage. 
 
The Macquarie case is interesting because the firm has internationalized by 
developing a unique market expertise; transformed this expertise into a set of core 
capabilities; and leveraged both of these components within a structure of corporate 
entrepreneurship (which has various definitions but in this context is probably best 
captured by the statement that it is a process of “extending the firm’s domain of 
competence and corresponding opportunity set through internally generated new 
resource combinations,” i.e. internal reallocations of corporate skill, knowledge and 
resources that either alter existing competitive balance, create new industries or do 
both.3) 
 
These, then, will be the three themes of an analysis of the Macquarie Bank’s unique 
(but, it will be argued, replicable) model of financial services internationalization: 
specialized knowledge creation; transformation of that knowledge into dynamic 
capabilities; and the use of a corporate structure that allows for the interplay between 
the two.  These factors will be discussed extensively after first briefly reviewing the 
firm’s genesis. 
 
Macquarie Bank – background and history 
 
As mentioned previously, Macquarie Bank is a company based in neither a large 
economy (Australia) nor a large financial center (Sydney).  Nor has the firm excelled 
in the generally established financial intermediation functions associated with 
commercial and investment banking.  For example, the firm consistently ranks below 
the top tier in most annual lists of leaders in traditional investment bank functions.    
 
Yet the bank’s income has risen from $757 million in 1998 to $7.2 billion in the latest 
quarter of 2007.  In that same period its profits rose from $14 million to $1,463 billion.  
The firm now earns 55 percent of its income from abroad (compared to roughly a 
quarter 4 years prior).  International staff members rose by 48 per cent over one year 
to 2,800 out of 8,600 total, spread across 24 countries.  Although the firm has chosen 
for the moment to remain in Australia, it has considered a move of its headquarters to 
London and is in the process of restructuring itself to allow such a move to be easily 
made in the future (including applying to the Financial Services Authority in England 
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for a banking license).  All of this has been heavily (though not exclusively) driven by 
the Bank’s dominance of a niche that it invented: infrastructure finance.4 
  
The firm’s origins did not suggest anything so grand.  Macquarie Bank began as the 
merchant bank Hill Samuel Australia (HSA), a wholly-owned subsidiary of Hill Samuel 
& Co. Limited, London.  Established in Australia in 1969, it began operations in 
Sydney in January 1970 with only three staff.5    
 
These early operations took place in a context of an Australian financial system that 
was heavily regulated and protected and from the middle of the nineteenth century 
until the late 1960’s; internationalization of Australian banks consisted of branches in 
London, New Zealand and some Pacific islands.6  However, Australia’s membership 
of the Commonwealth and a strong bilateral economic, political and social alliance 
with Britain, allowed local firms to gain expertise in emergent Euro-currency markets 
and the operations of a major world financial centre without being subjected to the full 
force of international competition. 
 
Three external events then proved to be critical to the firm’s trajectory.  The first 
critical event was financial market deregulation in Australia In 1981, in response to 
which, HSA proposed to become a trading bank.  Authority for HSA to become 
Macquarie Bank Limited (MBL) was received from the Federal Treasurer on 28 
February 1985.   The reasons for this move were tied mainly to the fact that as a 
subsidiary of a foreign company Australian regulations prohibited establishment of full 
commercial banking services in the country and the deregulation being implemented 
made establishment of a trading bank (only the second created in Australia during the 
20th century) the most sensible option for expanding domestic presence while 
simultaneously being open to international growth.  That same year, and prior to 
being granted its trading bank authority, HSA had expanded into New Zealand.  After 
being granted a license to become a trading bank, Hill Samuel reduced its share of 
the new MBL to 14%.7 
 
The second critical event was the Australian law mandating superannuation 
contributions by employees.   Ultimately set at 9% of an employee’s annual salary in 
a 1992 law strengthening the “super” system, this policy created a wave of surplus 
capital looking for investment opportunities with high but dependable returns.   
 
Macquarie Bank’s move into infrastructure finance was the result of a third accidental 
event: a request by the government of New South Wales, which was beginning to 
privatise the surface roads in and around Sydney, for the bank to arrange a simple 
project finance loan for the M2 toll road in northwest Sydney in 1996.  (This was the 
same year that the firm first listed on the Australian Stock Exchange (ASX)).  
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The invention of the infrastructure finance model 
 
These three sets of circumstances were what Macquarie used to build the first plank 
of a global model: creation of a specialized niche in which it was the only expert.  The 
firm had a first mover advantage because it had invented a new game.  Macquarie 
came up with the idea of an infrastructure fund in which it packaged the underlying 
asset into a separate vehicle and raised equity through the fund. “The investor 
response was quite positive, and there didn’t seem to be any reason why we could 
not begin to do this for ourselves as a principal,” said Nick Minogue, Macquarie’s 
Chief Risk Officer in a 2006 article.8   
 
In this first deal Macquarie came up with the notion that with infrastructure there was 
not only money to made up front in the structuring of a privatized road deal but money 
to be made on an ongoing annuity basis, through creation of listed vehicles to carry 
the deal forward, with the bank itself managing the fund, and also on to operating the 
road itself for a generous fee and access to tolls and other revenues.  Other 
Australian banks went after the superannuation money, but only Macquarie hit upon 
this particular notion of how to utilize it.   
 
At its core, the business model which made Macquarie a global entity is deceptively 
simple: the firm buys infrastructure; places the underlying assets in a series of 
interposed entities, usually with a unit trust issuing units to the public; leverages 
against its investments; produces returns in various ways from its control of that 
infrastructure; and then directly and indirectly uses the increased equity value to 
leverage some more, or at least pay out returns to its shareholders.  But as with most 
successful models, the approach seems simple in retrospect.  Coming up with the 
idea first obviously gave the firm a first mover advantage which it has built upon 
handsomely. 
 
Something of the bank’s approach is perhaps captured in the name and logo it chose 
for itself.  The Bank’s name is from one of New South Wales’ early governors, 
Governor Lachlan Macquarie (1761 - 1824), who helped establish Australia's first 
bank.  Governor Macquarie also introduced Australia's first domestic coinage, the 
“Holey Dollar” which serves, in stylized form, as the Bank’s logo.  An 1813 currency 
shortage was overcome by purchasing Spanish silver dollars (then worth five 
shillings), punching out the centres and creating two new coins - the 'Holey Dollar' 
(valued at five shillings) and the Dump (valued at one shilling and three pence). 
Governor Macquarie thus doubled the number of coins in circulation and increased 
their total worth by 25 per cent in a single stroke.9 
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In a way, this is what Macquarie has done with infrastructure finance, i.e. taken an 
asset with one perceived market value and broken it into interlocking pieces which 
end up having a different, higher perceived market value.  This was a new idea at the 
time but Macquarie has not just made profit of the idea one-off.  It has built the idea 
into specialized knowledge which it so far continues to profit from. 
 
The basic strategy of infrastructure finance 
 
Macquarie’s basic infrastructure model relies on the following corporate tasks: 
  

(1) Successful bids – traditionally higher than what the basic market thought was 
feasible – for existing infrastructure assets or the right to build new assets; 

(2) Picking of assets that have some sort of monopoly advantage (allowing 
maximum pricing power); 

(3) Bundling of the assets into listed funds (though with a fair amount of unlisted 
funds as well); 

(4) Raising of revenue from the sale of shares or units in those listed funds; 
(5) Collection of additional revenue from fees collected as fund manager; 
(6) Structuring of operating contracts and leases (often in a consortium) to 

manage the actual infrastructure assets, garnering management and other 
fees; 

(7) Creation of interrelated but notionally independent corporate and sub-
corporate entities to maximize fee-earning opportunities and, in some cases, 
reported income gains from asset revaluation as income without actual 
disposal of the asset. 

(8) Leverage across all of these entities and business elements. 
 
These tasks rely on the following core capabilities: 
 

(1) Asset valuation – Macquarie has been noted for deploying large numbers of 
financial analysts on each prospective deal to tease out every potential 
prospective cash flow, many of which might have been overlooked, before 
putting in a bid.  The hope is that it can outbid competitors but still get a good 
price; 

(2) Deal structuring – following from the above, Macquarie is known for being 
especially sharp and hard-knuckled when it comes to putting together financial 
deals.  Their strategy is not always to have the lowest bid, and the price the 
firm is often willing to pay for an asset can seem rich but in retrospect is 
sometimes seen as shrewdly cheap.  For example, the firm bid, with 
consortium partner Cintra, $1.83 billion for the Chicago Skyway; the next bid 
was for $700 million.  But what Macquarie does insist upon, and so far usually 
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gets, is maximum freedom of action to do what it wants with the assets it 
obtains.  In the case of leased assets (like the Skyway or Sydney Airport), 
these are often very long-term leases (75 year or 99 year) with minimal 
oversight by the lessor other than provision of a certain basic outputs.   

(3) Liquidity management – Macquarie is known for its shrewd oversight of the 
liquidity cycle, getting the most possible disposable (and cheapest) capital from 
each deal; 

(4) Risk management – an obviously central issue for any financial intermediary, 
especially one as organizationally complicated as Macquarie; 

(5) Knowledge management – the intricacies of the infrastructure finance model 
that Macquarie has created, in which financial intermediation and ongoing 
facilities management are combined and flung across a seemingly disparate 
collection of related entities requires keeping track and rolling up of ‘lessons 
learned’; 

(6) Corporate governance – a potentially weak link: how does Macquarie keep its 
hydra-headed organization working as one, with minimal abuse or 
mismanagement? 

(7) Infrastructure management – another difficulty, for it is one thing to structure 
and execute an infrastructure deal, another to effectively manage a physical 
facility.     

 
This basic niche almost requires the creation of both listed and unlisted entities to 
make it work.  The entity known as Macquarie Bank Limited (MBL) is a universal bank 
is the home institution but it establishes itself in the infrastructure business (and in 
other businesses as well, not discussed here) through establishment of separate but 
related entities that are more specialized and focused than the bank itself.  
 
Some of the uniqueness of MBL can be seen in Table 2 which shows some key 
financial and share price performance measures for the bank itself and for one of its 
major infrastructure businesses, the Macquarie Infrastructure Group (MIG), compared 
with industry and market averages and 4 major investment banks.  (Macquarie 
Airports, “MaP” is another important entity but a lack of data for some of the 5-year 
data series kept it from being included in the table below). 
 
Table 2: selected financial and share price data for MBL, MIG and key competitors 
Indicator MBL MIG Industry* S&P 500 UBS GC CS MS 
Sales Growth 
% (5 year 
average) 

35.64 20.54 14.50 13.75 10.98 17.37 3.53 11.77 

EPS % (5 
year average) 

34.56 14.68 32.69 23.14 34.64 35.79 NM 17.52 

P/E ratio 
(9/22/07) 

13.51 4.62 19.19 20.38 9.15 8.63 8.82 8.40 
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Beta 1.65 0.82 1.00 1.00 1.57 1.48 1.71 1.75 
Operating 
Margin (5 year 
average) 

28.10 51.81 37.00 19.26 26.61 19.68 18.51 35.29 

ROA (5 year 
average) 

1.29 6.98 5.40 7.10 0.46 0.97 0.40 6.69 

ROE (5 year 
average) 

23.10 10.29 16.80 18.51 15.00 21.02 8.33 16.47 

Notes: 
• = Industry defined as “investment services.”  Note that this is more properly the industry that 

MBL is in, not necessarily MIG. 
• UBS = Union Bank Switzerland AG 
• GC = Goldman Sachs 
• CS = Credit Suisse 
• MS = Morgan Stanley 
• Data source: Bloomberg.com, accessed 9/22/07 

 
The data above are interesting in a number of ways.  First there are some significant 
differences between MBL and MIG, even though these are closely related entities.  
Over the past 5 years MIG has had faster growth than MBL in operating margin and 
ROA, but lower growth in other indicators of return.  MIG is less risky relative to the 
market (using beta as a measure) than MBL.   
 
And comparing the two entities to other major investment banks, one might conclude 
that they are in different businesses which in a real sense they are, and by design.  
MBL roughly aligns with 4 major investment banks in terms of beta, 5 year EPS 
growth and operating margin (though it is faster growing in terms of sales, has higher 
ROE and sells at a higher multiple), somewhat the opposite of how MIG compares to 
these same banks and to the industry as whole.  As will be seen in more detail in the 
discussion of corporate entrepreneurial structure, MBL uses multiplicity of 
organizational form to both spread risk and generate return in the service of growth in 
its various niche businesses.  The use of multiple entities in investment banking is by 
no means unique, by Macquarie seems to have taken it a particularly high level of 
refinement. 
 
One can then return to Macquarie’s position as an Australian bank.  Various 
investment banking league tables, such as those compiled by Thomson Financial, 
almost never contain Macquarie in the top ranks.  Yet Macquarie has combined the 
very limits that Australian banks came up against – small capital bases, small 
domestic markets and long distances from major capital and goods markets – with 
their unique strengths of long-term collaborations with London banks and later on 
largely non-competitive relationships with large banks from other countries post-
deregulation to be forced into developing firm-specific rather than country-specific 
advantages.10   
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As a country, Australia has relatively few advantages as a base for financial services 
globalization.  Overall Australian banking performance globally seems to confirm this. 
Despite domestic mergers and acquisitions, the largest Australian bank internationally 
(NAB) had a lower rank in 1999 (63) than the largest bank in 1969 (Commonwealth at 
49).11  And Australian banks have not been innovation leaders post-deregulation.  
They lagged behind the British clearers in mechanisation and adopted bank credit 
credit cards and ATM’s years later than in the US.12 
 
But while country-specific advantages are few, firm-specific advantages arising from 
Australia’s unique financial history, especially the long cooperative history with 
London banks, could be paramount.  And this is what Macquarie has played 
forcefully, transferring London-based expertise to a specialized domestic niche, 
developing that expertise into generalizable knowledge and then building that 
knowledge into dynamic capabilities that can move to worldwide markets. 
 
Macquarie’s chairman, Alan Moss, encapsulated the bank’s systems approach in 
these 2006 remarks: “Firstly, we ensure that any initiatives are built on our existing 
skills and competencies, or alternatively that we acquire those competencies.  This is 
achieved either through hiring or by joining with partners who understand local 
conditions intimately. Even then, we usually embark on such initiatives with only a 
small initial risk commitment. We also apply particular controls and standards in 
offshore offices. We ensure that we have strong local management and we also 
undertake frequent management visits and internal audit reviews. We employ 
experienced Macquarie bank staff in overseas offices, to ensure that our risk 
management culture is communicated and understood by new staff joining the team.  
And we maintain central oversight of risk management and centralised payment 
control.”13  
 
Corporate entrepreneurial structure 
 
The Macquarie infrastructure finance business rests on a multilayered business 
model.  How does it hold together and how is this successful business integrated with 
the rest of the bank's complex operations? The key element of Macquarie’s strategy 
is lateral structure.  The firm itself describes itself in this way: “Macquarie's 
organisational approach is designed to be non-hierarchical. Management of the 
organisation is largely delegated to the Executive Committee, a central group 
comprising the Chairman, Managing Director, Deputy Managing Director, Head of 
Risk Management and heads of the Bank's six major business Groups.”14  The firm’s 
own organisational chart is provided in Figure 1. 
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Recently retired Macquarie CEO Allan Moss has described MBL as a "federation of 
entities" in which individual business managers are given freedom to work within 
strictly defined risk criteria.  Greg Mackay, head of the Bank’s Equity Markets group 
was quoted as saying that "the strategy is led bottom up, not top down,"  "That risk 
control framework affords the opportunity to manage the business as you see fit." In 
theory this approach has all the advantages of an entrepreneurial spirit, but backed 
by the support of a large institution with the risk-reward trade-off firmly put in central 
place.15  
 
In infrastructure, the firm’s activities appear to be varied.  Table 3 contains a list of 
some of the firm’s major investments in this area (noting that these investments are 
generally not made through MBL but related entities such as MIG and MaP).  

 

Figure 1 
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Table 3: Selected major Macquarie infrastructure investments 
TOLL ROADS 
(AUSTRALIA) 
M1 (Eastern Distributor) (MIG - 71.35% interest): 6km toll road linking Sydney CBD 
with southern and eastern suburbs and harbour crossing 
M4 (MIG - 50.6% interest): 42km toll road servicing Sydney's western suburbs 
M5 (MIG - 50% interest): 22km toll road servicing Sydney's south western suburbs 
EastLink (a Macquarie Bank subsidiary is the manager of the trusts): 45km toll road 
(under construction) connecting Melbourne's eastern and south-eastern suburbs 
Westlink M7 (MIG - 45% interest): 40km toll road (under construction) linking the M2, 
M4 and M5 in Sydney 
(CANADA) 
407 ETR (MIG - 30% interest): 108km toll road in Toronto 
(USA) 
Chicago Skyway 
Indiana Toll Roads 
AIRPORTS 
Sydney Airport 
Brussels Airport 
Copenhagen Airport 
Bristol (UK) Airport 
Birmingham (UK) Airport 
UTILITIES 
Thames Water (UK) 
Aquarion* (MacBank/MEAP - 100% interest): Water utility business (water distribution 
and other related services) operating in the US New England region 
District Energy (Thermal Chicago and Northwind Aladdin [75% interest] consolidated) 
(MIC - 100% interest): District cooling business in Chicago and district heating and 
cooling in Las Vegas 
Michigan Elec. Transmission Co (MEAP - 36% interest): Electricity transmission grid 
in Michigan, US 
The Gas Company* (MIC - #): Regulated and non-regulated gas production and 
distribution in Hawaii, US 
 
One part of this structure is definitely unique to financial services internationalization 
and is a key part of Macquarie’s management thrust: the focus on risk management. 
Macquarie management often claims that whether it is an asset or a corporation that 
is being purchased, the firm’s intensive valuation process is designed to take all 
relevant cash flows and all associated risks into account.  If there are issues of cash 

1079



 15 1
5 

flow quality, timing or size the firm will adjust price accordingly or perhaps not bid at 
all. 
 
Macquarie’s model is certainly high reward but it is also high risk.  Perhaps this is why 
the firm spends so much time playing up its risk management and incentive 
processes.  Alan Moss, recently retired as CEO and one who is seen as the father of 
the modern Macquarie, started in risk management and continued to emphasize it 
during his tenure. 
 
Recall Moss’s description of Macquarie as a “federation of entities.”  How does one 
keep the flexibility of a federation and the discipline of a unity? “We give people all of 
the incentives that they would have as owners of the business to grow the business 
for themselves,” Nick Minogue, chief risk officer of the bank, said in an interview. “We 
also require them to own the risks, and they will be visited on their own profit-and-loss 
account.” Then, beyond certain levels, a sign-off from one of the 225 risk specialists 
in the bank’s risk-management division is required.  On top of that, there is a large 
book of processes and procedures that bank operations, acquisitions and deals must 
adhere to.  So while there is diversity in activity, there is, it is argued, relative 
uniformity in analysis and execution.16 
 
This underlying uniformity seems to be the argument that MBL makes when claiming 
that its expansion into some seemingly different business enterprises is actually not 
all that far a field from its core infrastructure business.  Minogue put it this way: “One 
of the dangers of the breadth of activity of the bank would be that we’d make a move 
too far. We apply these tests to new businesses and new products: is it something 
sufficiently nearby to something we already do, and do we have the relevant 
competency?”  If the firm does not have the relevant expertise for a particular 
enterprise, it acquires it beforehand, either through its consortium partners or through 
the purchase of specialized consulting firms.17  
 
Put another way, the firm exerts a certain type of control whatever the deal at hand: 
its value assessment; its risk management; its cash-flow management; its capital 
raising and disbursement; its management.  If, indeed, MBL is seeking just a certain 
type of cash flow – steady, growing, protected through operation in a monopolistic 
environment – then perhaps “adjacency” is not the challenge that some see it to be.  
And in the core infrastructure business, the firm certainly has a well-established first 
mover and expertise advantage of a decade.  
 
Conclusions and lessons learned 
 
Macquarie Bank has internationalized and has done so from a domestic base that 

1080



 16 1
6 

would seem to militate against doing so.  Its process has been based on the following 
components: 
 
Creating a core of specialized knowledge:  Macquarie’s model is remarkable in many 
ways but its core insight is simple: invest pension money (suddenly available locally in 
prodigious amounts) in ways that would please the investors of such money.  In effect 
Macquarie started with the requirements of the investor – steady, above-market cash 
flow streams – and worked backwards toward the type of business that would 
generate such flows.  Like many businesses, the firm stumbled into the solution by 
accident, but its genius has been in turning that initial opening into an ongoing and 
profitable niche in which it has become the more experience expert. 
 
Leveraging knowledge into dynamic capabilities: If all that Macquarie offered was 
expertise it would have likely been much smaller, and perhaps much more localized 
than it is now.  The firm has managed to turn knowledge into a set of firm-specific 
capabilities – asset valuation, deal structuring, facility operation, portfolio 
management – that have allowed it to expand from its initial niche of road privatization 
to other infrastructure and on to ‘adjacent’ markets outside of infrastructure.   
 
Facilitating the process through corporate entrepreneurial structure: this is the key 
challenge – how to allow fast and creative strategic response without foundering on 
untrammelled risk taking or unfocused expansion.  Thus far Macquarie’s ‘federation of 
entities’ seems to have allowed the firm to stay focused on and to refine what it does 
well while applying it broadly and profitably into activities that might at first seem 
unrelated but which are in fact part of the firm’s core financial operations.   The firm 
has also been able to maximally leverage its different entities, either directly, as when 
creating a new unit trust to raise outside capital, or indirectly, through recognition of 
accounting gains or fee-for-service income that other more consolidated structures 
would not allow. 
 
Can Macquarie continue to dominate their niche, make steady profits and manage the 
associated risks?  This is an open question that only experience will answer.   But the 
current MBL experience does offer lessons, some cautionary, for executives and 
some interesting research questions for academics in the field of banking and 
finance. 
 
Adjacency can work as a strategy for internationalization but has pitfalls as well.  For 
example, Macquarie started with Sydney Airport and has expanded to become a 
significant and thus far financially successful operator of a suite of airports in Europe.  
However there may be limits to adjacency if one moves to fields that seem similar but 
that are operationally quite different.  The need for strategic development and 
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implementation to be integrated is vital.18  
 
Uniform management of risk and reward can be a firm foundation for successful 
diversification.  This is not entirely new in financial services; indeed, spread and risk 
management are core functions of financial intermediaries.  But MBL has pushed this 
model further than most.  The unfolding subprime crisis, with its accompanying fall in 
cheap liquidity has been testing this model and it remains to be seen how well it will 
ultimately weather the storm. 
 
Inefficiencies in markets remain hugely profitable opportunities for those who see 
them.  Of course the dream of every business person is arbitrage, i.e. seizing upon on 
information or other asymmetry before anyone else notices it.  Macquarie seized 
upon two inefficiencies – one in the private market, which eschewed ‘staid’ assets 
such as roads and other infrastructure and the other in the public market, in which 
public sectors were relatively uninformed and unsophisticated about the underlying 
value of the assets they had control over.  The firm’s experience also suggests that 
such inefficiencies may be more common that orthodox financial theory suggests.  At 
the same time, there is the question of what the firm does next as these inefficiencies 
become exhausted, the answer to which is not clear. 
 
Profitable financial businesses can be built around the preferences of investors rather 
than trying to convince investors to provide capital to existing assets.  This, too, is not 
a new dynamic in financial markets, but the MBL experience shows how widely it can 
be applied.  Before MBL few thought of infrastructure as a suitable pension 
investment but now it is preferred in some instances. 
 
Specialized knowledge will remain localized if not transformed into actual capabilities.  
This is perhaps the key lesson that Macquarie has for those studying financial 
services internationalization.  Australian banks were generally knowledge-rich 
because of their close relationships with London banks.  But most Australian banks 
have failed to internationalize and none of them had the wealth that might have 
allowed them to try their luck overseas and become international players by acquiring 
foreign institutions or establishing their own ‘laboratory’ outposts.  This is a position 
that many smaller institutions in smaller markets find themselves in.  Macquarie 
demonstrates the importance of making the transition from specialized knowledge to 
dynamic capabilities and this remains an area of rich study. 
 
There are numerous hybrid approaches to financial services globalization that 
balance scale and scope and can be done on the cheap.  Macquarie offers a unique 
blend of niche marketing and international scale operations.  The firm didn’t just focus 
on a specific, existing skill set and try to do it better than anyone else.  It invented a 
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niche and then, perhaps more significantly, generalized the skills gained in those 
niche operations to enter new and seemingly unrelated markets.  This raises the 
question of how markets are related and unrelated.  Clearly markets are related in 
ways that are often not obvious and uncovering these subtleties can be very 
profitable, to say nothing of very interesting.  
 
Strategy and structure are not as distinct as they may appear.  Macquarie’s blended 
approach demonstrates this.  It is true that its business model came first, as they 
must.  But on an ongoing basis, the distinctions between strategy and corporate 
entrepreneurial structure have blurred.  As they must also to drive and maintain 
growth? 
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Abstract

The paper provides evidence on how stakeholder friendly and stake-
holder hostile corporations are associated with standard measures of cor-
porate governance using the panel of 1778 US companies during the period
of 1995-2006. We construct two binary indicators, one measuring stake-
holder hostility and the other stakeholder friendliness using KLD social re-
sponsibility ratings in local and global community, employee, customer and
environmental areas. Based on these indicators, we classify �rms into four
groups representing stakeholder hostile, neutral, friendly and "friendly &
hostile" �rms. The results from the descriptive analysis show that stake-
holder friendly and stakeholder hostile �rms tend to have signi�cantly lower
insider ownership, smaller option grants, lower pay-performance sensitivit-
ies, larger boards, older executive o¢ cers and directors, lower institutional
ownership and larger number of anti-takeover defenses than the �rms in the
neutral group. The regression analysis shows that the probability of a �rm
belonging to stakeholder friendly or "friendly & hostile" group is decreasing
in pay-performance sensitivity and increasing in the number of anti-takeover
defenses controlling for size, industry and other �rm characteristics. We also
�nd that the probability of stakeholder hostile activity is positively related
to the strength of corporate governance, but the e¤ect is insigni�cant ex-
cept in local and global community areas. A possible explanation is that
in these areas stakeholders are protected mainly by ethics and social norms
rather than by various regulations that is commonplace in labour, environ-
ment and customer related areas. The latter lends support for the idea that
stakeholders are best protected by various regulations.
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1 Introduction

Managers undertake various decisions that have a direct impact on stakeholders
other than shareholders. For instance, a decision to participate in various charity,
housing or education supporting programs has a direct e¤ect on local community,
a choice of health and safety programs a¤ects workers in their workplace, a type of
technology �rm uses determines the amount of pollution. What determines mana-
gerial decisions in these stakeholder related activities? This paper determines the
role of managerial incentives in various stakeholder related activities by providing
evidence on how these activities associate with standard measures of corporate
governance. The main �nding is that weak managerial incentives are associated
with activities that can be characterized as stakeholder friendly or hostile, while
strong managerial incentives are associated with stakeholder activities that can be
viewed as stakeholder neutral.
This paper estimates the association between managerial incentives and stake-

holder related corporate activities to address two interdependent questions. First,
what are shareholders�interests with respect to other stakeholders or to put di¤er-
ently, what are the consequences of strong alignment of interests between share-
holders and management on various non-shareholder stakeholders. The existing
�nance literature has strongly argued that �rms should be managed in the interests
of its shareholders1. Yet, it is not clear what exactly are the interests of share-
holders. Even if one takes the conventional view that shareholders are interested
in maximizing �rm value, there is no agreement what corporate activities serve
this goal. In theory, both stakeholder friendly and hostile corporate activities can
be consistent with �rm value maximization2. In addition, the permissible set of
actions for �rm management is unde�ned. For instance, if shareholders wealth is
maximized by violating certain laws or regulations, does this imply that breaking
these rules is in the interests of shareholders?
A second question concerns managerial preferences with respect to non-shareholder

stakeholders: what stakeholder related activities does management pursue under
the weak alignment of interests between shareholders and management? Agency
theory states that in the absence of strong corporate governance managers pursue
their own agenda3. However, how does the managerial agenda a¤ect speci�c stake-
holder related corporate activities such as the choice of environmentally friendly
technology, hazardous waste management, workplace heath and safety conditions,

1See Williamson (1984), Shleifer and Vishny (1997), Becht, Bolton, and Roell (2003), Kraak-
man and Hansmann (2000)

2Both the theory of �rm (see Zingales (2000)) and stakeholder theory (see Tirole (2001))
argue that the interests of shareholders and other parties are not always convergent.

3See Jensen and Meckling (1976), Fama and Jensen (1983), Friedman (1970) for the theoretical
argument.
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product quality, for example?
Empirical research on shareholders�interests and managerial preferences with

respect to various stakeholders faces two obstacles. First, data on corporate activ-
ities related to various stakeholders is not readily available. We deal with this
data issue by using corporate social responsibility ratings o¤ered by KLD. These
ratings re�ect �rms�annual performance with respect to various non-shareholder
stakeholders and are available for S&P 500 and Domini 400 Social Index in 1995-
2000, Russell 1000 Index in 2001-2002 and Russell 3000 Index in 2003-2006. Em-
ploying these detailed ratings about company�s strengths and concerns in various
stakeholder areas, we construct two binary indicators, one measuring stakeholder
hostility and the other stakeholder friendliness. Based on these indicators, we clas-
sify �rms into four groups representing stakeholder hostile, neutral, friendly and
"friendly & hostile" �rms.
A second problem concerns the endogeneity of corporate governance. The

ideal analysis of shareholders� interests and managerial preferences with respect
to various stakeholders includes a controlled experiment in which weak and strong
corporate governance mechanisms are randomly assigned to �rms. Shareholders�
interests and managerial preferences would then be easily obtained by comparing
various stakeholder related corporate activities among �rms with weak and strong
corporate governance.
In absence of such an experiment, the task is to �nd circumstances where

corporate governance is as if randomly assigned. In corporate governance, where
even small scale experiments are infeasible, regulatory changes provide a credible
source of identi�cation4. Anti-takeover regulation in the 1980s, for example, can be
used to obtain credible estimation results5. However, data on social responsibility
ratings starts from the 1990s and therefore limits the use of anti-takeover regulation
in this paper.
This paper deals with potential endogeneity problems in the following ways.

First, we make sure that our results are robust to alternative measures of corporate
governance. We employ pay-performance sensitivities obtained from the ownership
and options data to proxy for explicit incentives. We use the mean age of the
management to account for implicit incentives and career concerns. We consider
board size, the fraction of outsiders in the board together with the concentration
of institutional investors to account for the control structure, active and passive
monitoring. Finally, we use anti-takeover defences to account for external forces
as disciplining devices. Second, we rely on "selection on observables" assumption.
The comparison of stakeholder orientation between strong and weak corporate

4IV and 2SLS are other frequently employed indenti�cation strategies. However, the exogen-
eity of instruments hold by assumption.

5See Bertrand and Mullainathan (2003) and more recently in Giroud and Mueller (2007).
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governance �rms is entirely made within year-industry-size cells. This is achieved
by fully saturating the regression model in year, industry and size dummies. And
�nally, we use �xed e¤ect models to control for unobservable, but time-invariant
factors a¤ecting stakeholder related corporate activities.
Our results show that stakeholder friendly and stakeholder hostile �rms are

characterized by weak corporate governance, while stakeholder neutral �rms are
characterized by strong corporate governance. The results from the descript-
ive analysis show that stakeholder friendly and stakeholder hostile �rms tend to
have signi�cantly lower insider ownership, smaller option grants and lower pay-
performance sensitivities than �rms in the neutral group. They have on average
larger boards and older executive o¢ cers and directors. They also have lower in-
stitutional ownership and larger number of anti-takeover defenses than the �rms
in the neutral group.
The estimation results show that the probability of a �rm belonging to stake-

holder friendly or "friendly & hostile" group is decreasing in pay-performance
sensitivity and increasing in the number of anti-takeover defenses controlling for
size, industry and other �rm characteristics. We also �nd that the probability of
stakeholder hostile activity is positively related to the strength of corporate gov-
ernance, but the e¤ect is insigni�cant except in local and global community areas.
A possible explanation is that in these areas stakeholders are protected mainly by
ethics and social norms rather than by various regulations that is commonplace in
labour, environment and customer related areas.
Our study emphasizes that there is a signi�cant share of �rms that engage

simultaneously in stakeholder friendly and stakeholder hostile activities. We show
that these �rms are also characterized by weak corporate governance mechanisms.
We provide two possible reasons for the existence of "friendly & hostile" group.
First, �rms are likely to use stakeholder friendly activities to cover their stakeholder
hostile activities. For instance, a �rm that consistently violates environmental reg-
ulations has a direct motive to engage in generous charity programs to manipulate
its public image. Second, �rms do not do what they say they do. If social ratings
are based on annual reports that tend to overstate the engagement of companies
in di¤erent stakeholder areas, both positive and negative stakeholder ratings are
likely to result.
Our study is related to the empirical literature that relates �rm value to the

measures of stakeholder friendliness. These studies typically compare �nancial
performance of stakeholder friendly or stakeholder hostile �rms with some control
group. For instance, a typical study of stakeholder friendly �rms compares �rm
value and pro�tability between stakeholder friendly and non-friendly �rms. This
paper di¤ers from the earlier studies in important ways. First, we study stake-
holder hostile and friendly corporate activities together, not separately. We argue
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that stakeholder friendliness is not one-dimensional variable. Firms can simul-
taneously be friendly and hostile even with respect to the same stakeholder. For
instance, a �rm that launches an investment with adverse e¤ects on local com-
munity can simultaneously engage in generous charity programs to manipulate its
public image. Second, we focus on corporate governance instead of �rm value or
pro�tability. We believe that focus on corporate governance is useful in designing
practical corporate governance rules and stakeholder regulations. To illustrate,
consider a sale of outdated minced meat in some Swedish shops in 2008. This
incident could have originated from the managers�lack of e¤ort to monitor their
employees and their compliance with the elementary health standards. In other
words, the incident could have taken place due to weak managerial incentives
to serve shareholders�interests. Alternatively, it could re�ect the owners�pro�t
motive and ex ante cost-bene�t analysis. The knowledge of shareholders�interests
and managerial preferences would help design e¤ective regulation by determin-
ing which alternative is more likely. Clearly, improving the alignment of interests
between shareholders and managers would be desirable in the �rst case, while in
the second case it is likely to be detrimental.

2 Related literature

Empirical studies presenting systematic evidence on the e¤ect of corporate gov-
ernance on stakeholder related corporate activities are relatively scarce. The lit-
erature can be divided into three broad categories: studies of corporate crime,
studies of takeovers and studies of corporate social performance. The �rst cat-
egory lends support for the idea that corporate wrongdoing is an agency cost.
Alexander and Cohen (1999) study the relationship between corporate crime and
managerial ownership in a sample of 52 publicly traded corporations convicted of
Federal crimes in 1984-1990. They �nd that crime occurs less frequently among
�rms in which management has a larger ownership stake. Karpo¤ and Lott (1993)
examine the reputation costs of corporate crime. They �nd that formal court-
imposed sanctions for committing fraud often represents a small fraction of the
damage produced to a �rm by the fraud. Their �nding is an indirect evidence that
corporate crime does not serve the interests of shareholders (see also Frooman
(1997)). While informative, these studies of corporate crime often rely on small
hand collected data sets. Moreover, they focus exclusively on corporate crime and
use relatively few corporate governance measures.
The second group of literature concentrates on takeovers and its impact on

stakeholders. The pioneering work of Shleifer and Summers (1989) argues that
hostile takeovers provide means for shareholders to break the implicit trust-based
contracts with various stakeholders. These implicit contracts are needed to induce
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welfare increasing stakeholders�relationship speci�c investments, but they are inef-
�cient ex-post. Their empirical evidence based on case studies support the wealth
transfer hypothesis. However, the subsequent literature on takeovers does not �nd
conclusive support for stakeholder wealth transfer hypothesis. Kaplan (1989) ana-
lyses 76 management buyouts (MBOs) during the period of 1980 and 1986. He
documents that MBOs are followed by signi�cant increases in operating perform-
ance, but the changes in employment are insigni�cant. The follow up papers have
analyzed the e¤ects of takeovers on bondholders, banks, pension funds and suppli-
ers with some support for suppliers�wealth transfers hypothesis (see Brown, Fee,
and Shawn (2007)). Takeovers and especially leverage buyouts (LBOs) provide
a fruitful ground for studying the con�icts of interests between shareholders and
stakeholders, since LBO are usually accompanied with strong improvements of
corporate governance. Our paper focuses on public companies, and thus helps un-
derstand whether the results from takeover studies can be generalized to a larger
subset of companies.
The last group of literature focuses on the bene�ts and costs of corporate social

responsibility on shareholders. The aim is to determine whether companies serve
the interests of shareholders by acting socially responsibly. Gri¢ n and Mahon
(1997) survey the literature and conclude that no consistent relationship exists
between �rms��nancial performance and social performance. Barnea and Rubin
(2006) study the relationship between corporate social responsibility ratings and
managerial ownership. They use a cross-sectional sample of 3000 US �rms that
were rated by KLD in 2003. They �nd that strength ratings are negatively associ-
ated with inside ownership. They conclude that corporate social responsibility is
a private bene�t that improves management reputation of being good corporate
citizens (see also Friedman (1970) for the similar argument). Faleye and Trahan
(2006) study whether labour friendly �rms serve the interests of shareholders or
represent agency costs. They �nd that labour friendly �rms outperform a group
of control �rms on productivity, pro�tability and �rm value. Dowell, Hart, and
Yeung (2000) study whether compliance with global environmental standards bene-
�ts shareholders. They �nd that �rms which adopt global environmental standards
have higher Tobin�s Q than those who do not. In the managerial literature, Graves
and Waddock (1994) and Johnson and Greening (1997) argue that corporate social
performance re�ects the preferences of di¤erent shareholders. Graves and Wad-
dock (1994) study whether institutional investors invest more in �rms with high
social performance. They �nd that past social performance is positively associ-
ated with the number of institutional owners and the percentage of shares held by
institutions. They conclude that institutional investors are not short term pro�t
oriented and invest in �rms with high social performance. Johnson and Greening
(1997) postulate that there is a trade-o¤ between short and long term pro�t max-
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imization. Mutual funds seek short term, while pension funds, outside directors
and managers with high insider ownership are concerned with long term pro�t.
They �nd that higher institutional ownership by pension funds and higher propor-
tion of outside directors are associated with higher social performance. While the
�ndings of the papers in the last group are important, these papers fail to explain
the causes of corporate misbehavior.
In general, the existing literature has focused on two extremes: socially re-

sponsible �rms and crime �rms. Moreover, the two are usually analyzed separ-
ately. However, poor corporate governance may be a common root of both of these
extremes. In addition, �rms that engage in corporate crime may also be actively
involved in corporate social responsibility to mislead the public image and reduce
the likelihood of crime discovery. Our study sheds some light on these further
issues.

3 Why does corporate governance matter for stake-
holders other than shareholders?

How corporate governance a¤ects stakeholders other than shareholders can be
explained by tabulating shareholders� interests and managerial preferences with
respect to di¤erent stakeholders (see Figure 1 and Table 1). If shareholder and
managers have similar preferences with respect to a certain stakeholder, corporate
governance is irrelevant in determining corporate activities related to that stake-
holder. Notice that these corporate activities can be either stakeholder neutral,
hostile or friendly. For instance, if the adoption of environmentally friendly or
hostile technology corresponds to both shareholder interests and managerial pref-
erences, the quality of corporate governance has no e¤ect on the �rm�s choice of
technology.
The quality of corporate governance becomes instrumental only if managers

and shareholders have divergent interests. Two possibilities exist. The �rst one
says that it is not in the interests of shareholders to undertake various stakeholder
friendly corporate activities, but these activities serve managerial interests. In
addition, this possibility also includes the case where it is in the interests of share-
holders to undertake various stakeholder hostile corporate activities, but these
activities do not serve managerial interests. In other words, under this hypothesis
we would expect the probability of stakeholder friendliness to be decreasing and/or
the probability of stakeholder hostility to be increasing in the strength of corporate
governance.
The alternative possibility is that it is in the interests of shareholders to un-

dertake various stakeholder friendly corporate activities, but these activities are
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such that they do not serve managerial interests. In addition, this possibility
also includes the case where it is in the interests of shareholders to avoid various
stakeholder hostile corporate activities, but management fails to prevent it un-
less properly motivated. Under this hypothesis, we would expect the probability
of stakeholder friendliness to be increasing and/or the probability of stakeholder
hostility to be decreasing in the strength of corporate governance.

4 Data

The basis for the sample is KLD social rating data. The ratings are available for
Standard and Poor�s 500 and Domini 400 Social Index in 1995-2000, Russell 1000
Index in 2001-2002 and Russell 3000 Index in 2003-2006. For these �rms, we ex-
tract balance sheets from Compustat, executives�and directors�compensation and
ownership from the Standard and Poor�s ExecuComp and IRRC directors data-
bases, anti-takeover defenses and institutional ownership from Investor Responsib-
ility Research Center (IRRC) governance and Thomson Financial CDA/Spectrum
databases. Out of 4619 �rms from the initial rating data, 536 were excluded due to
the lack of data in Compustat, 2101 due to ExecuComp, 2 due to CDA/Spectrum,
156 and 46 due to IRRC directors�and governance databases. The �nal sample
has 1778 �rms and 5192 �rm year observations during the period of 1995-2006.

4.1 Dependent variables

KLD data provides a list of concerns and strengths in various stakeholder categories
for a given �rm and year. These concerns and strengths are presented as binary
variables. The list of available concern and strength ratings is presented below.

i. Local community. Strengths: engagement in (i) various charity, (ii) hous-
ing and education supporting programs for disadvantaged, (iii) in-kind giv-
ing programs or other notably positive community activities. Concerns: (i)
investment or other economic activities that led to adverse e¤ects on local
community, (ii) major tax disputes over its tax obligations to the community
and (iii) other noteworthy community controversies.

ii. Labour force and diversity. Strengths: (i) strong health and safety programs,
(ii) outstanding programs addressing work-life concerns, including childcare,
elder care, �extime. Concerns: (i) willful violations of employee safety and
health standards, (ii) a¢ rmative action controversies.

iii. Environment. Strengths: (i) strong pollution prevention programs, (ii) the
use of renewable energy and clean fuels or the promotion of climate friendly
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Figure 1: Why corporate governance matters for stakeholders?

Stakeholders

Aligned with
managerial preferences

Misaligned with
managerial preferences

Aligned with share
holder interests

Misaligned with
shareholder interests

Aligned with share
holder interests

Misaligned with
shareholder
interests
interestsCG does not

matter.
CG matters. CG matters. CG does not

matter.

Strengths:
Excellent treatment
of stakeholders is
value decreasing, but
management offers
it.

Concerns:
Mistreatment of
stakeholders is value
increasing, but
management prefers
not to mistreat.

H0: better CG leads
to worse strength
ratings and/or worse
concern ratings.

Strengths:
Excellent treatment
of stakeholders is
value increasing, but
management fails to
do so.

Concerns:
Mistreatment of
stakeholders is value
decreasing, but
management prefers
not to prevent it.

H0: better CG leads
to better strength
ratings and/or better
concern ratings.
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policies and practises outside its own operations. Concerns: (i) civil penalties
for waste management, (ii) other regulatory violations.

iv. Global community and human rights. Strengths: (i) strong relationships
with indigenous people near �rm�s facilities in or outside the US, (ii) various
human rights initiatives. Concerns: (i) controversies with indigenous people,
(ii) labour force and human rights controversies in developing countries, (iii)
economic operations with Burma.

v. Customers. Strengths: (i) products with social bene�ts that are unusual
for its industry. Concerns: (i) violations of product safety regulations, (ii)
marketing controversies, (iii) violations of antitrust regulations.

Using these stakeholder speci�c ratings, we create two binary measures of cor-
porate social activity6. A variable concern equals one if a �rm has a concern in
the list above and zero otherwise. One could name this concern variable also as a
crime variable in labour, environment and customer related areas, since the con-
cerns in these areas are based on regulatory violations. A variable CSR equals
one if a �rm has a strength and zero otherwise. The CSR variable is de�ned in an
aggregated way across stakeholder areas, while the concern variable is de�ned in
an aggregated way and also separately in di¤erent stakeholder areas.
Based on concern and CSR variables we divide �rms into four distinct groups:

hostile, neutral, friendly and hostile&friendly (see Figure 2). The hostile group
includes �rms that engage in activities that violate various stakeholder regulations.
At the same time, these �rms do not have any strength ratings. The neutral group
characterizes �rms that practise activities with neutral consequences on stakehold-
ers. These �rms have no positive or negative ratings. Friendly group includes �rms
with stakeholder friendly activities. Finally, we have the hostile&friendly group
that includes �rms with some strengths, but also with some concerns.
Our classi�cation of �rms takes explicitly into account that �rms can simul-

taneously engage in stakeholder friendly and stakeholder hostile activities. For
instance, a �rm could consistently violate environmental regulations and at the
same time engage in generous charity programs. The presence of �rms with sim-
ultaneous concern and strength ratings is also consistent with anecdotal evidence
that �rms do not do what they say they do7. If strength ratings are partly based
on annual reports that tend to overstate the engagement of companies in di¤er-

6An alternative is to sum strength and concern ratings within a stakeholder area. There is a
high correlation between our binary measures and these alternative measures. The advantage of
our binary measures is the possibility of simple categorization of �rms.

7See Aaron, Levine, and To¤el (2007) for the early empirical evidence on the validity of social
ratings.
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ent stakeholder areas, the simultaneous strength and concern ratings are likely to
result.

Figure 2: Classi�cation of �rms by their stakeholder activity

Hostile &
Friendly

Hostile1

FriendlyNeutral0
Concern
rating
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CSR rating

Hostile &
Friendly

Hostile1

FriendlyNeutral0
Concern
rating

10

CSR rating

4.2 Independent variables

As for corporate governance and shareholder rights, there is no unique measure.
Following theoretical and empirical literature (see e.g. Hart (1995)) in corporate
governance we consider the following ways to align managerial interests with those
of shareholders.

i. Explicit incentives, that is managerial remuneration including managerial
ownership and stock options. We calculate insiders�pay-performance sensit-
ivities using stock ownership and option data.

ii. Implicit incentives, that is managerial career concerns. Even without explicit
incentives, manager may act in the interests of shareholders to secure future
employment. We use directors and executive mean age to proxy for implicit
incentives.

iii. Control structure, active and passive monitoring by the major shareholders,
board of directors, institutional owners. We use board size, the fraction of
independent directors, directors�ownership and concentration of institutional
ownership measured as HHI to account for monitoring.

iv. External mechanisms such as takeovers. We use Gompers, Ishii, and Metrick
(2003) anti-takeover index.

In addition to corporate governance variables, we use total assets, Tobin�s Q,
ROE, ROA, ratio of sales to asset to control for size, growth opportunities and
pro�tability. We also use 17 Fama-French industry classi�cations (see Fama and
French (1997)).
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We lag our independent variables three years for the following three reasons.
First, the ratings published at the end of the year may still be partly based on
the information published last year. Second, and more importantly, the time dif-
ference between the occurrence of corporate misbehavior, its discovery and public
announcement may be considerable. Lastly, the e¤ect of corporate governance on
corporate misbehavior is not necessarily immediate and is likely to take time.

5 Presentation of the data

5.1 Descriptive statistics

The descriptive statistics of the sample data is presented in Table 2. The average
�rm in the sample is large both in terms of assets and the number of employees. It
has about 14 million dollars of total assets and 25 thousands workers. Tobin�s Q is
on average around two and the ratio of debt to assets ca. 20%. The average CEO
owns 2.4% of equity and a package of options including options granted and options
held, respectively 0.2% and 0.9% of outstanding shares. The corresponding �gures
are substantially lower for the median CEO indicating that CEO compensation is
right-skewed. Directors�combined equity and options holdings are around 1%. The
combined pay-performance sensitivity for CEO and directors is around 47 units,
that is the insiders�wealth changes 47 units when the value of the company changes
1000 units. The average board has 10 directors, of which 66% are independent.
The average age of the insiders is around 60. The fraction of equity held by
20 largest institutional investors is on average 44%, while the mean Her�ndahl
index of ownership concentration is 230. Finally, the average anti-takeover index
is around 9.4.
A u-shape relationship emerges when we compare corporate governance mech-

anisms across di¤erent social groups. The quality of corporate governance tends
to be high in �rms with neutral position towards stakeholders and low in �rms
that are either stakeholder friendly, hostile or both. Tables 3 and 4 illustrate this
�nding. First, stakeholder friendly and stakeholder hostile �rms tend to have signi-
�cantly lower insider ownership, smaller option grants and lower pay-performance
sensitivities than �rms in the neutral group. Second, they have on average larger
boards and larger fraction of independent directors8. Third, they also have older
executive o¢ cers and directors. Forth, they have lower institutional ownership
both measured as a fraction of outstanding shares and HHI. Finally, they adopt
more anti-takeover measures than the �rms in the neutral group.

8Higher proportion of independent directors is considered to be a good corporate governance
mechanism. However, given that it is not hard to �nd seemingly independent directors, this
mechanism has lost its merit.
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The �ndings above hold in local community, labour force and environment
related areas, and to the lesser degree also in global community and customer
related areas.

5.2 Is corporate governance randomly assigned?

Interpreted in the causal way, the analysis above suggests that strong corporate
governance leads to stakeholder neutral �rms and weak corporate governance leads
to stakeholder friendly or stakeholder hostile �rms. This interpretation is valid in
a controlled experiment where weak and strong corporate governance mechanisms
are randomly assigned across �rms. However, theory as well as casual observa-
tions con�rm that the determination of corporate governance is complicated and
is likely to depend on various characteristics. Below we provide evidence how both
stakeholder orientation and corporate governance vary across �rm characteristics.
Table 5 shows that �rms in di¤erent social groups also di¤er signi�cantly in

terms of size, leverage and growth opportunities. First, large �rms are more likely
to belong to stakeholder friendly or stakeholder hostile groups. Second, high lever-
age and small growth opportunities are signi�cant characteristics of the stakeholder
hostile �rms, while low leverage and large growth opportunities are signi�cant
characteristics of the stakeholder friendly �rms.
Tables 6-8 illustrate how stakeholder orientation varies across and within in-

dustries. About 70% of the �rms within industry belong to neutral group, 20% to
friendly group and 10% to hostile and hostile&friendly groups with approximately
equal shares.
Table 9 shows that there is a large variation in managerial incentives across �rm

size and industry. Managerial incentives tend to decrease as �rm size increases.
Also, the amount of explicit incentives varies from 12 units in utilities to 70 units
in clothing.
This descriptive evidence suggests that corporate governance is not randomly

assigned across �rm size and industry. In the regression analysis what follows,
we control for year, size and industry e¤ects by including time varying size and
industry e¤ects.

6 Regression analysis

6.1 Model speci�cation

Let yit denote the social group of �rm i at time t, where yit 2 f0; 1; :::; Jg. Let
the probability that a �rm i belongs to the social group j at time t follows a
multinomial logit model:
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P [yit = jjCG;Z] =
exp(�j + �j � CGit�3 + �0j � Zit�3)

1 + �Jh=1 exp(�h + �h � CGit�3 + �
0
h � Zit�3)

, j = 1; :::; J (1)

where CG is the strength of corporate governance and Z is a matrix of con-
trol variables. We consider four di¤erent social groups de�ned previously: hostile,
neutral, friendly, friendly&hostile groups. Our focus is on the response probab-
ilities: how does the probability of being in social group j change as corporate
governance changes. These corporate governance response probabilities are given
by the following expression9:

@P (yit = j)

@CGit
= P (yit = j)f�j � �Jh=1P (yit = h)�hg (2)

Note that the direction of a given response probability is not determined entirely
by �j. To facilitate the direct interpretation of the estimates, we treat the neutral
group as a base group10, and transform the equation 1 to obtain the following
equation:

log[
P (yit = j)

P (yit = neutral)
] = �j + �j � CGit�3 + �0j � Zit�3; j = 1; :::; J (3)

Thus, the estimates of �j show how the log-odds ratio between the social group
j and the neutral group changes as corporate governance changes. Moreover,
this transformation also illustrates that the estimates of multinomial logit can be
obtained through a list of pairwise logit regressions.
The estimation framework above assumes that all the determinants of corporate

governance are controlled for. We relax this assumption by allowing corporate
governance to be determined by unobservable, but time invariant factors. The
conditional logit that estimates the log odds between the social group j and the
base group includes �rm �xed e¤ects and achieves the consistent estimate of �j.
A shortcoming of the conditional logit analysis is that it uses only those �rms
whose social group changes at least once over time. Given the short time series
dimension, the latter reduces signi�cantly the number of observations used in the
estimation which in turn results in low power. In the analysis to follow, we use
conditional logit to assess the magnitude and size of the possible endogeneity bias
in multinominal logit.

9See Wooldridge (2002).
10The coe¢ cients of the base group are normalized to zero.
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6.2 Results

Tables 10-13 present the estimation results from the pooled multinomial regres-
sions for di¤erent stakeholder areas. We use pay-performance sensitivity (Tables
10 and 12) and anti-takeover index GIM (Tables 11 and 13) as our corporate gov-
ernance measures. The estimation results are consistent with our earlier �nding
that strong corporate governance leads to stakeholder neutral �rms and weak cor-
porate governance leads to stakeholder friendly or stakeholder hostile �rms. The
probability that a �rm belongs to friendly or friendly&hostile group is decreasing
in pay-performance sensitivity and increasing in the number of anti-takeover de-
fenses. The results also show that the probability of stakeholder friendly activity
tends to be increasing in growth opportunities and decreasing in leverage, while
the probability of stakeholder hostile activity tends to be decreasing in growth
opportunities and increasing in leverage.
These results hold in general across various stakeholder areas, though there

are some di¤erences. The probability of belonging to a hostile group is positively
related to the strength of corporate governance, but the e¤ect is not statistically
signi�cant in most stakeholder areas. The e¤ect is signi�cant in human rights
area (that is, global community) when corporate governance is measured by pay-
performance sensitivity and insigni�cant when corporate governance is measured
by the GIM index.
The economic e¤ect of corporate governance on stakeholder friendly and hos-

tile corporate activities varies across di¤erent corporate governance measures. The
Figure 3 illustrates the e¤ect of anti-takeover defenses and pay-performance sens-
itivity on di¤erent social groups based on aggregated concern and CSR ratings.
External corporate governance is relatively more important than internal corpor-
ate governance in determining stakeholder friendly and hostile corporate activity.
Estimated at sample averages, the adoption of one more anti-takeover defense in-
creases the probability that a �rm does not belong to the neutral group from 0.5 to
0.52, while increasing the management�s pay-performance sensitivity by 10 units
increases the probability that a �rm does not belong to the neutral group from
0.54 to 0.542.
Besides corporate governance, �rm size is the single most important determ-

inant of �rm behavior towards stakeholders (see Figure 4). The probability of
engaging simultaneously in stakeholder friendly and stakeholder hostile activit-
ies is monotonically increasing in �rm size. However, the probability that a �rm
belongs to hostile or friendly group is not monotonically increasing in size: the
probability is increasing as �rm grows from small to medium, but decreasing as
�rm grows from medium to big.
The results from the pairwise �xed e¤ect logit are presented in Tables 14 and

15. To assess the magnitude of endogeneity bias, we also present the estimates
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Figure 3: The e¤ect of internal and external corporate governance on di¤erent
social groups
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Figure 4: The e¤ect of �rms size on di¤erent social groups
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from multinomial regressions in Tables 12 and 13. The estimates of �xed e¤ect
logit tend to be insigni�cant re�ecting the low power resulting from the reduced
number of observations used in the estimation. However, those estimates that
are signi�cant in multinominal regressions tend to have the same sign as in the
conditional logit regressions. This suggests that the estimates of �xed e¤ect logit
are qualitatively in line with those of multinomial logit. In addition, the positive
relationship between concerns and the strength of corporate governance is statist-
ically signi�cant in human rights area supporting the results from the multinomial
logit. The signi�cant positive relationship also holds in local community area in
the pay-performance sensitivity regression, but the relationship is insigni�cant in
the GIM index regression. A possible explanation for the positive relationship
between corporate governance and concerns in local and global community area
is that these concerns are not regulatory violations as in other stakeholder areas.
The result indicates that the violation of the existing stakeholder regulations is
an agency cost between inside management and outside shareholders, while the
violation of ethics and social norms is not.

7 Conclusions

The goal of this paper is to determine whether stakeholder friendly and hostile
corporate activities are consistent with the interests of shareholders. To this end,
we classify �rms into four di¤erent social groups representing stakeholder hostile,
neutral, friendly and "friendly and hostile" �rms. We then document how di¤er-
ent corporate governance mechanisms vary across these social groups and estim-
ate how the probability of belonging to one of these groups depends on corporate
governance. We �nd that stakeholder friendly and stakeholder hostile �rms are
characterized by weak corporate governance, while stakeholder neutral �rms are
characterized by strong corporate governance. Our estimation results show that
the probability of a �rm belonging to stakeholder friendly or "friendly and hostile"
group is decreasing in pay-performance sensitivity and increasing in the number of
anti-takeover defenses controlling for size, industry and other �rm characteristics.
We also �nd that the probability of stakeholder hostile activity is positively related
to the strength of corporate governance, but the e¤ect is insigni�cant except in
local and global community areas. In local and global community areas stakehold-
ers are not protected by various regulations, but rather by ethics and social norms.
An interpretation of this result is that the violation of regulations is an agency
costs, while the violation of ethics and various social norm is not.
Our results lend support for the idea that corporate governance should fo-

cus on shareholder rights, while stakeholder rights are best protected by various
regulations. In the world of strong corporate governance, corporate activity is
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stakeholder neutral, that is, �rms act in the interests of shareholders subject to
various stakeholder regulations.
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Table 1: When and how does corporate governance matter?
Managerial preferences w.r.t. stakeholders
Aligned Misaligned

Shareholders
preferences
w.r.t. stake-
holders

Aligned CG does not matter since
managerial preferences and
shareholders interests are
aligned.

CG matters. Strengths:
Excellent treatment of
stakeholders is value in-
creasing, but management
fails to provide it. Con-
cerns: Mistreatment of
stakeholders is value de-
creasing, but management
fails to prevent it.

Shareholders
preferences
w.r.t. stake-
holders

Misaligned CG matters. Strengths:
Excellent treatment of
stakeholders is value de-
creasing, but management
provides it. Concerns: Mis-
treatment of stakeholders
is value increasing, but
management prefers not to
do.

CG does not matter since
managerial preferences and
shareholders interests are
aligned.
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Table 2: Descriptive statistics of the sample data

N Mean St. Min Median Max
dev

Total assets 9549 13.9 55.3 0.02 2.3 1264.0
Employees 9378 24.9 62.2 0.003 7.9 1500.0
ROA 9547 3.8 16.5 -577.9 4.4 87.2
ROE 9418 10.6 39.8 -911.8 12.8 927.1
Sales to Assets 9547 100.5 79.8 1.0 87.8 1596.1
Tobin�s Q 9281 2.1 2.3 0.4 1.5 78.6
Debt to Assets 9526 18.8 16.3 0.0 16.8 192.5
CEO ownership 9213 2.4 5.9 0.0 0.3 58.3
CEO options grant 9346 0.2 0.5 0.0 0.1 11.1
CEO options held 9294 0.9 1.4 0.0 0.5 34.4
Director�s ownership 6651 1.1 2.3 0.0 0.4 90.4
Explicit incentives 6461 46.7 74.3 0.007 21.2 779.5
Board size 7583 9.9 3.0 1.0 10.0 39.0
Indepent directors 7583 65.9 17.2 0.0 66.7 100.0
Age of insiders 7583 59.1 3.8 42.3 59.4 74.4
Inst ownership 8980 43.7 13.9 1.1 43.6 99.7
HHI 5807 230.2 268.3 0.2 186.7 7571.5
Gindex 7845 9.4 2.7 1.0 9.0 18.0
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Table 3: Descriptive statistics: internal corporate governance

Area Hostile Neutral Friendly Friendly Hostile Neutral Friendly Friendly
&Hostile &Hostile

CEO ownership Explicit incentives
Aggregate 2.1 3.2 1.5 1.1 43.8 60.3 30.3 20.4
Local 1.2 3.0 1.4 0.3 30.7 56.6 27.1 12.1
Employ 2.2 2.9 1.3 0.8 44.1 55.9 26.3 16.1
Environ 1.1 3.0 1.6 0.3 31.8 56.6 28.7 10.1
Global 3.1 2.8 1.2 1.7 57.4 54.5 23.6 26.2
Custom 2.1 3.0 1.4 0.9 42.0 57.2 28.3 17.4

Options granted Board size
Aggregate 0.2 0.3 0.1 0.1 10.2 8.8 10.9 12.0
Local 0.1 0.2 0.1 0.1 11.0 9.1 11.3 12.5
Employ 0.1 0.2 0.1 0.1 10.6 9.1 11.3 12.5
Environ 0.1 0.2 0.1 0.1 10.7 9.2 11.4 12.0
Global 0.2 0.2 0.1 0.1 9.6 9.3 11.4 11.9
Custom 0.2 0.2 0.1 0.1 10.2 9.1 11.2 12.1

Options stock Fraction of independent directors
Aggregate 0.9 1.2 0.7 0.5 65.0 63.5 69.6 71.8
Local 0.8 1.1 0.6 0.4 68.0 63.7 70.5 72.6
Employ 0.8 1.1 0.6 0.4 64.6 63.9 70.8 71.4
Environ 0.6 1.1 0.6 0.4 71.7 63.3 69.7 74.7
Global 1.0 1.1 0.6 0.5 62.4 64.1 70.9 70.9
Custom 0.8 1.1 0.6 0.4 63.7 64.1 70.0 72.6

Directors ownership Age of insiders
Aggregate 1.1 1.4 0.6 0.4 59.5 58.7 59.0 59.8
Local 0.8 1.3 0.5 0.3 59.9 58.9 59.3 60.3
Employ 1.1 1.3 0.5 0.3 59.8 58.9 59.3 60.2
Environ 0.9 1.3 0.5 0.2 60.1 58.9 59.2 60.3
Global 1.2 1.3 0.5 0.5 59.2 59.0 59.4 59.9
Custom 1.0 1.3 0.6 0.3 59.6 58.9 59.2 60.0
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Table 4: Descriptive statistics: external corporate governance

Area Hostile Neutral Friendly Friendly
&Hostile

Fraction of institutional ownership
Aggregate 44.4 46.0 40.5 38.6
Local 41.9 45.7 39.7 38.0
Employ 44.6 45.6 39.7 38.0
Environ 42.7 45.8 40.3 36.4
Global 46.5 45.4 39.5 39.0
Custom 44.4 45.7 40.0 38.2

HHI ownership concentration
Aggregate 245.1 247.7 192.6 164.4
Local 193.3 250.7 179.5 157.5
Employ 239.9 247.6 179.7 158.0
Environ 227.7 248.2 179.1 161.8
Global 240.3 247.3 177.9 161.4
Custom 263.0 243.9 185.3 158.9

Gindex
Aggregate 9.7 9.0 9.9 9.9
Local 10.1 9.2 9.9 9.6
Employ 9.4 9.2 9.9 9.6
Environ 10.1 9.1 9.9 9.7
Global 9.3 9.2 10.0 9.3
Custom 9.6 9.1 9.8 9.9
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Table 5: Descriptive statistics: �rm characteristics across social groups

Area Hostile Neutral Friendly Friendly Hostile Neutral Friendly Friendly
&Hostile &Hostile

Total assets Pro�tability
Aggregate 10.0 2.9 15.4 50.5 104.5 108.1 87.8 82.2
Local 13.5 4.6 26.1 82.6 68.4 109.5 87.7 69.2
Employ 10.4 4.7 25.9 80.7 115.5 106.0 84.2 86.5
Environ 9.1 4.8 35.6 34.7 86.2 108.9 85.4 82.1
Global 9.0 5.0 27.8 78.9 130.5 105.5 83.4 91.5
Custom 13.3 3.7 18.5 67.8 106.2 107.0 86.3 81.3

Number of employees Tobin�s Q
Aggregate 28.0 11.5 18.2 65.2 1.8 2.4 2.1 1.9
Local 28.0 16.1 38.2 79.6 1.4 2.3 2.1 1.6
Employ 45.6 14.0 31.1 112.5 1.7 2.3 2.0 1.9
Environ 31.6 15.4 35.1 74.8 1.4 2.3 2.1 1.7
Global 47.9 15.0 35.4 98.7 2.0 2.2 2.0 2.0
Custom 30.4 14.3 26.5 80.3 2.0 2.2 1.9 2.1

ROA Leverage
Aggregate 3.7 3.3 5.4 4.5 22.1 16.8 18.0 20.7
Local 2.9 3.5 5.1 3.7 25.3 18.1 18.9 22.8
Employ 3.4 3.4 5.0 4.2 24.0 18.0 19.3 21.1
Environ 2.5 3.5 5.1 4.1 27.4 17.7 18.1 24.2
Global 3.3 3.4 4.9 4.8 18.6 18.5 19.4 20.6
Custom 4.3 3.3 5.0 4.5 21.5 18.0 19.9 18.8

ROE
Aggregate 11.1 7.6 16.9 14.3
Local 13.8 8.4 15.7 13.9
Employ 11.6 8.4 15.6 14.3
Environ 4.5 9.1 16.3 12.5
Global 9.2 8.7 15.4 15.5
Custom 12.7 8.0 16.1 14.0
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Table 6: Firm classi�cation within and across industries

Local Proportion within industry (%) Proportion across industry (%)
Industry Hostile Neutral Friendly Friendly Hostile Neutral Friendly Friendly Total

&Hostile &Hostile
Food 4.7 71.0 21.2 3.1 2.6 3.1 3 1.8 3.0
Mines 8.1 72.6 17.7 1.6 1.4 1.0 0.8 0.3 1.0
Oil 12.9 50.7 14.8 21.5 7.7 2.4 2.3 13.3 3.2
Clths 4.0 59.5 34.1 2.4 1.4 1.7 3.2 0.9 2.0
Durbl 0.0 70.7 23.8 5.4 0.0 2.4 2.6 2.4 2.3
Chems 11.4 53.7 23.4 11.4 5.7 2.1 3 5.9 2.7
Cnsum 1.2 54.4 35.3 9.1 0.9 3.0 6.3 6.5 3.7
Cnstr 6.2 71.4 19.4 3.1 4.0 3.7 3.3 2.1 3.5
Steel 7.0 76.0 9.0 8 2.0 1.7 0.7 2.4 1.5
FabPr 0.0 91.9 8.1 0 0.0 1.3 0.4 0.0 1.0
Machn 1.2 79.2 17.9 1.7 3.4 17.3 12.8 4.7 15.0
Cars 0.0 74.1 21.6 4.3 0.0 2.3 2.2 1.8 2.2
Trans 14.3 64.3 10.2 11.1 10.0 3.6 1.9 8.0 3.8
Utils 12.0 38.9 35.6 13.6 14.9 3.8 11.5 17.4 6.7
Rtail 2.2 80.2 16.6 0.9 3.4 9.7 6.6 1.5 8.3
Finan 9.7 53.4 29.6 7.3 25.5 11.1 20.2 19.8 14.3
Other 3.5 78.6 15.6 2.3 16.9 29.8 19.3 11.5 26.0
Total 5.4 68.4 20.9 5.2 100.0 100.0 100 100.0 100.0

Employ Proportion within industry (%) Proportion across industry (%)
Food 10.9 64.8 15.0 9.3 4.6 2.9 2.2 4.9 3.0
Mines 9.7 71.0 11.3 8.1 1.3 1.0 0.5 1.4 1.0
Oil 15.8 47.8 25.4 11 7.3 2.3 4 6.3 3.2
Clths 2.4 61.1 35.7 0.8 0.7 1.8 3.4 0.3 2.0
Durbl 4.1 66.7 20.4 8.8 1.3 2.3 2.3 3.6 2.3
Chems 4.0 61.1 28.0 6.9 1.5 2.5 3.7 3.3 2.7
Cnsum 3.3 52.3 36.5 7.9 1.8 2.9 6.6 5.2 3.7
Cnstr 10.1 67.4 16.3 6.2 5.1 3.5 2.8 3.8 3.5
Steel 16.0 67.0 15.0 2 3.5 1.6 1.1 0.5 1.5
FabPr 1.6 90.3 8.1 0 0.2 1.3 0.4 0.0 1.0
Machn 2.2 78.3 17.1 2.4 4.6 17.6 12.5 6.3 15.0
Cars 6.5 67.6 15.1 10.8 2.0 2.2 1.6 4.1 2.2
Trans 15.6 63.1 5.3 16 8.4 3.6 1 10.7 3.8
Utils 6.2 44.6 44.4 4.8 5.9 4.5 14.6 5.8 6.7
Rtail 15.7 66.7 9.3 8.2 18.5 8.3 3.8 12.1 8.3
Finan 3.6 59.5 30.2 6.7 7.3 12.7 21 17.0 14.3
Other 7.1 75.0 14.7 3.2 26.2 29.1 18.6 14.6 26.0
Total 7.0 66.8 20.5 5.6 100.0 100.0 100 100.0 100.0
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Table 7: Firm classi�cation within and across industries

Environ Proportion within industry (%) Proportion across industry (%)
Industry Hostile Neutral Friendly Friendly Hostile Neutral Friendly Friendly Total

&Hostile &Hostile
Food 12.4 63.2 19.2 5.2 6.7 2.8 2.9 2.4 3.0
Mines 14.5 66.1 11.3 8.1 2.5 0.9 0.6 1.2 1.0
Oil 12.4 51.2 15.3 21.1 7.2 2.4 2.5 10.5 3.2
Clths 1.6 61.9 36.5 0 0.6 1.8 3.6 0.0 2.0
Durbl 0.0 70.7 24.5 4.8 0.0 2.4 2.8 1.7 2.3
Chems 17.7 47.4 10.9 24 8.6 1.9 1.5 10.0 2.7
Cnsum 0.0 55.6 30.3 14.1 0.0 3.0 5.8 8.1 3.7
Cnstr 6.2 71.4 15.0 7.5 3.9 3.7 2.7 4.0 3.5
Steel 24.0 59.0 4.0 13 6.7 1.3 0.3 3.1 1.5
FabPr 11.3 80.6 8.1 0 1.9 1.1 0.4 0.0 1.0
Machn 3.6 76.9 16.9 2.6 9.7 16.9 12.9 5.9 15.0
Cars 8.6 65.5 7.9 18 3.3 2.1 0.9 5.9 2.2
Trans 16.0 62.7 8.2 13.1 10.9 3.5 1.6 7.6 3.8
Utils 18.2 32.6 24.4 24.8 22.0 3.2 8.4 25.7 6.7
Rtail 0.7 81.7 16.8 0.7 1.1 9.9 7.1 1.0 8.3
Finan 0.3 62.8 36.9 0 0.8 13.1 26.8 0.0 14.3
Other 3.0 79.1 14.6 3.3 13.9 30.1 19.3 13.1 26.0
Total 5.6 68.3 19.6 6.5 100.0 100.0 100 100.0 100.0

Global Proportion within industry (%) Proportion across industry (%)
Food 3.1 72.5 16.6 7.8 1.9 3.1 2.3 4.7 3.0
Mines 8.1 72.6 0.0 19.4 1.6 1.0 0 3.8 1.0
Oil 6.2 57.4 21.5 14.8 4.1 2.7 3.3 9.7 3.2
Clths 38.9 24.6 7.9 28.6 15.4 0.7 0.7 11.3 2.0
Durbl 6.8 63.9 19.7 9.5 3.1 2.1 2.1 4.4 2.3
Chems 2.3 62.9 29.7 5.1 1.3 2.5 3.8 2.8 2.7
Cnsum 0.0 55.6 39.8 4.6 0.0 3.0 7 3.4 3.7
Cnstr 0.4 77.1 21.1 1.3 0.3 3.9 3.5 0.9 3.5
Steel 5.0 78.0 12.0 5 1.6 1.8 0.9 1.6 1.5
FabPr 6.5 85.5 6.5 1.6 1.3 1.2 0.3 0.3 1.0
Machn 6.0 74.5 16.4 3.1 18.2 16.2 11.6 9.4 15.0
Cars 2.9 71.2 19.4 6.5 1.3 2.2 2 2.8 2.2
Trans 2.0 76.6 20.5 0.8 1.6 4.2 3.6 0.6 3.8
Utils 4.8 46.0 42.5 6.7 6.6 4.5 13.5 9.1 6.7
Rtail 16.4 66.0 9.0 8.6 27.7 7.9 3.5 14.4 8.3
Finan 0.8 62.3 33.3 3.6 2.2 12.9 22.4 10.3 14.3
Other 2.3 79.8 15.9 2 11.9 30.1 19.5 10.3 26.0
Total 4.9 68.9 21.2 4.9 100.0 100.0 100 100.0 100.0
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Table 8: Firm classi�cation within and across industries

Custom Proportion within industry (%) Proportion across industry (%)
Industry Hostile Neutral Friendly Friendly Hostile Neutral Friendly Friendly Total

&Hostile &Hostile
Food 19.2 56.5 13.5 10.9 4.8 2.7 2.5 3.2 3.0
Mines 3.2 77.4 19.4 0 0.3 1.2 1.2 0.0 1.0
Oil 5.7 57.9 28.2 8.1 1.5 3.0 5.7 2.6 3.2
Clths 11.1 52.4 33.3 3.2 1.8 1.7 4 0.6 2.0
Durbl 7.5 63.3 19.0 10.2 1.4 2.3 2.7 2.3 2.3
Chems 14.9 50.3 12.6 22.3 3.3 2.2 2.1 6.0 2.7
Cnsum 25.7 29.9 15.8 28.6 8.0 1.8 3.7 10.6 3.7
Cnstr 11.5 66.1 6.6 15.9 3.3 3.8 1.4 5.5 3.5
Steel 7.0 76.0 17.0 0 0.9 1.9 1.6 0.0 1.5
FabPr 19.4 72.6 1.6 6.5 1.5 1.1 0.1 0.6 1.0
Machn 3.7 76.8 15.1 4.4 4.6 18.6 14.1 6.6 15.0
Cars 7.2 66.9 12.9 12.9 1.3 2.3 1.7 2.8 2.2
Trans 21.3 57.4 7.8 13.5 6.7 3.5 1.8 5.1 3.8
Utils 11.3 39.5 33.8 15.4 6.3 4.3 14.2 10.3 6.7
Rtail 8.4 74.0 6.2 11.4 5.8 9.9 3.2 9.4 8.3
Finan 17.4 45.7 22.9 14 20.6 10.5 20.3 19.8 14.3
Other 12.9 69.2 12.2 5.7 27.9 29.1 19.7 14.7 26.0
Total 12.0 61.8 16.1 10.1 100.0 100.0 100 100.0 100.0
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Abstract 

We explore the intertemporal relation between the conditional mean and the 

conditional variance of the industry portfolio returns and Fama-French 25 Size/Book-

to-Market portfolio returns in Australia using a bivariate generalized autoregressive 

conditional heteroskedasticity (GARCH) model. We estimate a portfolio’s conditional 

covariance with the market and test whether the conditional covariance can help 

predict the time-variation in the portfolio’s expected returns. Our results show that 

there is no significant relation between asset returns and market returns. We also 

examine asset returns with size and value factors, and we find that size and value 

factors only matter for the Size/Book-to-Market portfolios, but not for the industry 

portfolios. Lastly, we examine the role of the macroeconomic variables in 

determining the time-variation of asset returns, and there is no evidence of the 

relationship between asset returns and the macroeconomic variables.  
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1. Introduction 

The fundamental trade-off between risk and returns in stock markets is an important 

topic in asset valuation research. Merton’s (1973) intertemporal capital asset pricing 

model (ICAPM) implies an asset’s expected returns are related to its covariance with 

market returns and the variables which proxy for the investment opportunities.  

Under Merton’s (1980) theory, the relative risk aversion of the representative 

investor should be positive, however, the previous empirical studies on the relation 

between risk and returns often find inconclusive results. For example, French, 

Schwert, and Stambaugh (1987), and Campbell and Hentschel (1992), and Ghysels, 

Santa-Clara and Valkanov (2005) find a positive relation. By contrast, some 

researchers find a significant and negative relation (for example Campbell, 1987; 

Nelson, 1991; Whitelaw, 1994). Glosten, Jagannathan and Runkle  (1993) and Harvey 

(2001) find that the estimated relative risk aversion is sensitive to the models used. 

The inconsistent findings of the above studies are due to different methodologies and 

different sampling periods used. 

Most of the studies consider the time-series relation between risk and returns 

only using the market portfolio. The Merton’s (1980) theory applies to the individual 

stock returns and portfolio returns as well as market returns. In a recent paper, Bali 

(2007) uses a bivariate generalised autoregressive conditional heteroskedasticity 

(GARCH) model to estimate the conditional covariance between the portfolio returns 

and the market returns. They find a positive and highly significant relative risk 

aversion of the representative investors using the monthly US data. His portfolio data 

includes industry returns and 25 Fama-French size and book-to-market sorted 

portfolio returns. Our paper will follow this approach to analyse the intertemporal 

relation between risk and returns in the Australian market. 

Previous research on the volatility of the Australian stock market includes 

Brailsford and Faff (1993) and Kearns and Pagan (1993), Nicholls & Tonuri (1995), 

who use the GARCH model or its variants to examine the time-variation in volatility. 

Kearney and Daly (1998) examine the cause of stock market volatility in Australia. 

Sault (2005) investigates the volatility in Australia at the firm and industry level.  

However, none of the above research has examined the intertemporal risk-return 

relation. 
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We explore the intertemporal relation between the conditional mean and the 

conditional variance of the industry portfolio returns and the Fama-French 25 

Size/Book-to-Market portfolios in Australia using a bivariate generalised 

autoregressive conditional heteroskedasticity (GARCH) model. We estimate a 

portfolio’s conditional covariance with market returns and test whether the 

conditional covariance can help predict the time-variation in the portfolio’s expected 

returns. Our results show that there is no significant relation between asset returns and 

market returns. We also examine asset returns with the size and value factor, and we 

find that the size and value factor do only matter for the Size/Book-to-Market 

portfolios, but not for the industry portfolios. Lastly, we examine the role of the 

macroeconomic variables in determining the time-variation of asset returns, and there 

is no evidence of the relationship between asset returns and the macroeconomic 

variables.  

Our paper contributes to the literature as follows. First, we empirically test the 

intertemporal risk-return relation by performing out-of-sample test. We show that the 

positive relationship in the US may be country-specific, and may not be applied to 

other countries, at least for Australia. Second, we are the first to examine the risk 

return relation using both the industry portfolios and the 25 Fama-French size/BM 

portfolios in Australia.  

The rest of this paper is structured as follows. Section 2 describes the data set. 

Section 3 presents the bivariate GARCH model and the summary statistics of the 

corresponding conditional covariance between portfolio returns and market returns. 

Section 4 gives the intertemporal cross-sectional regression results. Section 5 

concludes.   

        

2. Data 
We use the monthly industry portfolio returns and 25 Fama-French size and book-to-

market portfolio (Size/BM) data in Australia. The market returns data are valued 

weighted returns on the AllOrd market index. We also collect 28 GICS classified 

monthly industry returns from the Centre of Research in Finance (CRIF) from the first 

month of 1974 to the last month of 2006. The categories of the industry groups are: 

Energy (G1), Material (excluding Metals & Mining) (G2), Metals & Mining (G3), 

Capital Goods (G4), Commercial Services & Supplies (G5), Automobile & 
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Components (G7), Media (G10), Retailing (G11), Food & Staples Retailing, 

Household & Personal Products (G12), Food Beverage & Tobacco (G13), and Health 

Care Equipment & Service (G14), Pharmaceuticals & Biotechnology & Life Sciences 

(G15), Banks (G16), Diversified Financials (G17), Insurance (G18), Real Estate 

(excluding REITs) (G19), and Real Estate Investment Trusts (G20), Software & 

Service (G21), Telecommunication Services (G23), Utilities (G24), GICS pending 

(G25). For some industry groups, there are too many missing values in the database, 

so we simply drop them from our estimation. The remaining number of industries in 

our sample is 21.  

The Fama-French 25 size/book-to-market (Size/BM) portfolios are from 

Michael O’Brien, who sorts into the 25 portfolios based on size and book-to-market 

of all the firms traded in the Australian Stock Exchange from January 1982 until 

December 2006 following the procedure of Fama and French (1992, 1993, and 1996). 

The database used includes the CRIF monthly stock price file for stock return and size, 

and his own accounting information database by collecting accounting information 

from firm’s annual reports for each listed firm, which has wider coverage than Aspect 

Financial Database. SMB is constructed as the difference between the average returns 

on the small firm portfolios and the average returns on the large firm portfolios. HML 

is constructed as the difference between the average returns on the high book-to-

market firm portfolios and the average returns on the low book-to-market portfolios.  

For interest rate data, we obtain Australian short-term interest rate from 

Reserve Bank of Australia (RBA), which is the 13 week Treasury bill rate. We also 

obtain the 10-year commonwealth government bond yield from RBA. Term spread is 

then constructed as the difference between the 10-year government bond yield and the 

13 week Treasury bill rate.  

The monthly dividends yield for the Australian stock market index is only 

available in recent years in the database. Fortunately, Shares magazine and its 

predecessors, SXJ and the Australian Stock Exchange Journal, maintain a good record 

of average dividend yields and PE ratio of all the traded companies in the Australian 

Stock Exchange (ASX). We hand collected the dividend yields from January 1978 

until August 2004. We use the past 12 months average as the dividend yield used in 

the estimation.  

Detrending the short term Treasury bill rate is used by a number of researchers 

such as Campbell (1991) and Hodrick (1992) and Lettau and Ludvigson (2001a) to 
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predict the U.S. stock market returns. In light of this, we construct the relative short 

bill rate as the 13 week Treasury bill rate minus the 12 month backward moving 

average.  

 

3. Bivariate GARCH Models 

In Merton’s (1973) setting, there is an equilibrium relation between risk and return, 

which is presented as the following equation: 

                                                   A Bµ = Σ+Ω ,                                                       (1) 

where µ  is the expected excess return vector, A  measures the representative agent’s 

relative risk aversion and Σ is the covariance matrix of excess asset returns with 

excess market returns, B is the coefficient matrix denoting the sensitivities of asset 

returns to state variables, and Ω  is the covariance matrix between asset returns and 

state variables. The ICAPM specifies that an asset’s return is determined by its 

covariance with the market portfolio as well as the state variables which are related to 

investment opportunities.  

Following Bali (2007), we use the bivariate Generalised Autoregressive 

Conditional Heteroscedasticity) (GARCH) specification to estimate the conditional 

covariance between asset returns and the market returns. The mean equations use 

ARCH(1) model and the conditional variance equations follow GARCH(1,1) 

specification. The specifications are as follows:  

 , 1 0 1 , , 1
i i

i t i t i tR a a R ε+ += + + , (2) 

 , 1 0 1 , , 1
m m

m t m t m tR a a R ε+ += + + , (3) 

 2
, 1 0 1 , 2 ,

i i i
ii t ii t i th hγ γ γ ε+ = + + , (4) 

 , 1 0 1 , 2 , ,
im im im

im t im t i t m th hγ γ γ ε ε+ = + + , (5) 

 2
, 1 0 1 , 2 ,

m m m
mm t mm t m th hγ γ γ ε+ = + + , (6) 

where , 1i tR + and , 1m tR +  are excess returns on asset i and the market portfolio at time 

t+1 respectively and tE is the conditional expectation operator. For the models with 

other state variables, we can estimate the conditional covariance between asset return 

i and each state variable x, ixh using the similar specification under (2) to (6) by 

replacing the terms associated with , 1m tR +  by the terms of , 1m tx + .  
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We can use the maximum likelihood estimation method to estimate the 

parameters and extract the conditional covariance of each asset returns with the 

market returns from the GARCH estimation.  The log-likelihood function is  

 ' 1

1

1( ) ln(2 ) ln
2

N

t t t t
t

L V Vπ ε ε−

=

⎡ ⎤Θ = − + +⎢ ⎥⎣ ⎦∑ , (7) 

where Θ is the parameter space to be estimated, and N is the number of observations. 

tε and tV are vectors with the following form: 

  

 ,

,

i t
t

m t

ε
ε

ε

⎡ ⎤
⎢ ⎥= ⎢ ⎥
⎢ ⎥⎣ ⎦

, (8) 

 

 and   , ,

, ,

ii t im t
t

im t mm t

h h
V

h h
⎡ ⎤

= ⎢ ⎥
⎣ ⎦

. (9) 

Table 1 reports the parameter estimates for the conditional covariance between 

excess asset returns and excess market returns from the maximum likelihood 

estimation. Panel A investigates the 21 industry portfolios and Panel B examines the 

25 Size/BM portfolios. The persistence of conditional variance, which is measured by 

the sum of 1

imγ and 2

imγ estimates, is very high for both the industry portfolios and 

Size/BM portfolios. It ranges from 0.8815 to 0.9881 for industry portfolios, and 

0.9166 to 0.9926 for Size/BM portfolios. In addition, almost all of the coefficients of 

the lagged conditional variance, 1

imγ ,  are greater than 0.8 for both portfolios, and the 

corresponding t-statistics are all greater than 10. These high significant coefficients 

suggest that it is appropriate to model the conditional covariance with the GARCH 

specification.  

[Insert Table 1 here] 

Table 2 presents the summary statistics for the conditional covariance and 

conditional beta estimates. We report the sample mean, standard deviation, minimum, 

maximum, the first-order autocorrelation, and the 12-th order autocorrelation of the 

estimated conditional series. We also report the unconditional covariance and beta. 

The sample series start from February 1982 until December 2006. Table 2 shows that 

for both the 21 industry portfolios and the 25 Size/BM portfolios, the unconditional 

covariance is very close to the mean of the conditional covariance. The standard 

deviation of the conditional covariance are similar to the mean for the industry 
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portfolios (Panel A), but the standard deviation of the conditional covariance are 

smaller than the mean for all the Size/BM portfolios except large portfolios. The 

conditional covariance also exhibits high persistence as measured by the first-order 

autocorrelation (it ranges from 0.84 to 0.93 for the industry portfolios, and 0.75 to 

0.93 for the Size/BM portfolios).  

[Insert Table 2 here] 

We also compute the conditional market beta for each portfolio in both groups. 

They are , , ,/i t im t mm th hβ = , where ,im th and ,mm th are the conditional covariance between 

excess return on each portfolio and excess market returns, the conditional variance of 

excess market returns extracted from the bivariate GARCH(1,1) model from (2)-(4), 

respectively. We present the unconditional beta estimates, and the sample mean and 

standard deviation of the conditional beta estimates for each portfolio in the last three 

columns in Panel A and Panel B of Table 2. The results show that the sample mean of 

the conditional beta are close to the unconditional betas. 

 

4. Intertemporal Risk-Return Relation 

In this section, we estimate the relationship between risk and return using the 

conditional covariance extracted from the bivariate GARCH(1,1) model from (2) to 

(6).  We estimate the following systems of equations: 

                           , 1 , 1, 1 , 1i t i i tim t ix tR C h Bhγ ε+ ++ += + + + ,  i=1,2…, N                               (10) 

where , 1ix th + is the conditional covariance between excess asset returns and factors, 

such as SMB (Small minus Big), HML (High minus Low), and some macroeconomic 

factors. N is the number of portfolios. N=21 for the industry portfolios, and N=25 for 

the Fama-French portfolios sorted on size and book-to-market ratio (25 Size/BM), and 

N=46 for the system using both set of portfolios. The system is estimated by the 

seemly unrelated regression (SUR) with the constraints that the slope estimate γ  

and/or B are the same for all the equations. Bali (2007) note that using large cross-

sectional asset returns and restricting the relative risk aversion to be the same for each 

asset enable researchers to get consistent slope estimate cross-sectionally for the same 

risk-return relation, and obtain more statistics power as well. In addition, we also 

perform Fama-MacBeth cross-sectional regression to obtain the time-series average 
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slope estimate. We first run the cross section regression period by period, and then we 

report the time-series average of the intercept and slope estimates. 

 

4.1 Conditional Covariance with Market Return 
We first examine the relation between excess asset return and its conditional 

covariance with excess market returns. Panel A of Table 3 applies SUR on the 

following system of equations:  

                    , 1 , 1, 1i t i i tim tR C hγ ε+ ++= + + ,        i=1,2…, N. (11) 

We cannot obtain the consistent estimate for the three different systems. The relative 

risk aversion estimate is -0.65 for the 21 industry portfolios, but it is 0.33 for the 25 

Size/BM portfolios. However, the corresponding t-statistics are only -0.88 for 

industry portfolios and 0.60 for Size/BM portfolios, both of which are far from the 

conventional significance. If we use both industry portfolios and Size/BM portfolios 

in the system, we obtain the negative relative risk aversion and significant t-statistics 

( 0.74γ = − , and t-statistics=-2.01), which suggests that there is a negative relation 

between asset return and market risk in Australia.  

 [Insert Table 3 here] 

The traditional literature usually estimates the risk-return relation using the 

aggregate market index. We also perform such exercise in Panel B. We estimate the 

following equation: 

                                  , 1 , 1 , 1m t mm t i tC hR γ ε+ + += + + , 

where , 1mm th +  is the market conditional volatility extracted from GARCH(1,1) model 

for the single excess market return series. We obtain the coefficient of relative risk 

aversion which is -0.35, but it is not significantly different from zero.  

 The conditional CAPM literature also looks at the cross-sectional relations 

between asset returns and market beta. In this section, we will use Fama-MacBeth 

procedure to examine the relation between asset returns and conditional covariance 

with market return as well as the relation between asset returns and conditional 

market beta. By comparison, we also examine the relation between asset return and 

unconditional covariance, and the unconditional beta. 

 Table 4 reports the Fama-MacBeth cross-sectional regression estimates for the 

covariance and beta equations in the following forms: 
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                                        Covariance:  
, 1, 1 , 1im ti t t t i tC hR γ ε
++ += + + ,                               (12) 

                                         Beta:  
, 1, 1 0, , , 1im ti t t m t i tR φ φ β ε
++ += + + .                                     (13) 

The cross-sectional regressions are performed on two sets of portfolios: one is the 21 

industry portfolios, and the other is 25 Fama-French portfolios sorted on size and 

book-to-market ratio (25 Size/BM). Panel A reports the cross-sectional regression 

estimates with unconditional covariance and beta. Panel B reports the estimates with 

the conditional covariance and beta extracted from the bivariate GARCH(1,1) 

estimation. 

[Insert Table 4 here] 

According to Merton (1973), the slope estimate from the covariance 

regression represents the average relative risk aversion of market investors, whereas 

the slope estimate from the beta regression represents the market risk premium. In 

contrast, the unconditional and conditional CAPM literatures often focus on the beta 

equation and treat it as a cross-sectional relation across different stocks or portfolios. 

Unconditional CAPM assumes that beta is constant over time and hence the same 

cross-sectional relation holds across all time periods. Conditional CAPM allows beta 

to be time-varying and contends that the cross-sectional relation holds period by 

period. 

 The results from the regression on unconditional covariance and unconditional 

beta show that none of estimated coefficients are significant at conventional level. 

The average intercept is positive and small for both the industry portfolios and 

size/BM portfolios for the covariance equation. The relative risk aversion is 3.68 for 

size/BM portfolios and 1.08 for industry portfolios. The estimates of market risk 

premium on the unconditional beta are not significant on both sets of portfolios.  

 Panel B reports the time-series average and the corresponding t-statistics of 

the intercept estimate and slope estimates of the conditional regression. Again, we 

find no statistical relation between asset returns and conditional market covariance for 

both sets of portfolios. Neither is the case for the relation between asset returns and 

conditional market beta. However, the intercept is significant for the industry 

portfolio for the regression on conditional covariance and on conditional beta. The 

slope estimate becomes negative for industry portfolios, but it is statistically not 

different from zero. Notably, the magnitude of the risk aversion estimate significantly 

decrease compared to the unconditional version in both sets of portfolios. 
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Nevertheless, the conditional regressions do not qualitatively change the picture of the 

risk and return relation.  In short, the Fama-MacBeth cross-sectional regressions 

confirm the results of the SUR: there is no statistically significant relation between 

risk and return for the industry portfolio and the size/BM portfolios.   

 

4.2 Relation with Conditional Covariance with SMB and HML 
The results in Section 4.1 show that there is little intertemporal relation between asset 

return and market risk in Australia. State variable which can predict shifts in future 

investment opportunity sets can be a factor in Merton’s ICAPM (Cochrane 2005, 

p166). Fama and French (1992, 1993, and 1996) show that the SMB (size factor) and 

HML (value factor) could explain the future investment opportunity. In this section, 

we will examine the intertemporal relation between asset returns and its covariance 

with SMB and HML factors in additional to market factor. We examine the following 

systems of equations: 

                              
, 1 , 1 , 1, 1 , 1im t is t ih ti t i s h i tC h h hR B Bγ ε
+ + ++ += + + ++ ,  i=1,2…, N                (14) 

where 
,is tσ is the estimated conditional covariance between excess asset returns and 

SMB factor, and 
,ih tσ is the estimated conditional covariance between excess asset 

returns and HML factor. Both 
,is tσ and 

,ih tσ are extracted from the bivariate 

GARCH(1,1) model from (2) to (6) by replacing the associated market terms with the 

terms associated with SMB and HML, respectively.  

Table 5 reports the estimation from the SUR with the constraints that the slope 

estimate γ , sB  and/or  hB are the same for all the equations. For the industry portfolio, 

the risk aversion for market factor is negative but statistically insignificant and risk 

aversion for SMB factor and HML factor is positive but insignificant. SUR shows that 

there is little risk and return relation in the industry portfolios for SMB and HML 

factors. For 25 Size/BM portfolios, the risk aversion estimate of SMB factor is 1.08 

with t-statistics 1.34. There is a positive relation between the asset returns and SMB 

factor, however, the statistical power is not strong. HML factor appears to be 

important in the system. The coefficient is -3.33 with t-statistics=-2.42. Even in the 

system including the SMB factor, HML factor remain statistically significant. Thus 

we only obtain the significant result for the HML factor in the 25 Size/BM portfolios, 
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which is the negative relation between asset returns and its conditional covariance 

with HML factor.  

[Insert Table 5 here] 

For comparison, we also perform Fama-MacBeth cross-sectional regression on 

(15). We first estimate the cross-sectional relation monthly using the conditional 

covariance with market return, the SMB factor and HML factor. Then we obtain the 

time-series average of the risk aversion coefficients for each factor. The results are 

presented in Table 6. We obtain high risk aversion estimate for SMB and HML factor 

for both sets of portfolios. The estimated risk aversion of SMB is negative for 

industry portfolio using Fama-MacBeth procedure, but they are positive using SUR. 

Nevertheless, the associated t-statistics is small.  The coefficient of risk aversion for 

HML factor is 6.94 for HML factor. It is statistically significant at 5% significance 

level. However, when adding SMB factor, the HML factor is no longer significant. 

For 25 Size/BM portfolio, SMB become very significant (coefficient=5.21, and t-

statistics=4.45).  However, the risk aversion of market factor also becomes negative 

and statistically significant, which is due to the multi-collinearity of the market factor 

and SMB factor. When regressing asset returns on the market factor, and HML factor, 

the risk aversion of market factor is no longer significant and we also obtain negative 

risk aversion for HML factor. When regressing asset returns on all three factors, SMB 

is still positive statistically significant and surprisingly, HML has become positive and 

statistically significant. We suspect there is multicollineary issue involved. In short, 

SMB and HML are important factors in determining asset returns for the 25 Size/BM 

portfolios, but it is not the case for the industry portfolios.  

[Insert Table 6 here] 

 

4.3 Relation with Macroeconomic Variables 
Macroeconomic variables may also predict future shifts in the investment opportunity 

sets, thus appearing as a risk factor in the ICAPM. In this section, I will examine the 

effect of some macroeconomic variables such as the relative Treasury bill rate, the 

term spread, and the market dividend yield. Table 7 presents the estimates of the 

loadings on the conditional covariance factor with macroeconomic variables from the 

following systems of equations: 

                               
, 1 , 1, 1 , 1im t xs ti t i x i tC h hR Bγ ε
+ ++ += + ++ ,  i=1,2…, N                            (15) 
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where 
,ix tσ is the estimated conditional covariance between excess asset returns and 

macroeconomic factors such as the relative Treasury Bill rate (
t

RREL ), changes in 

term spread (
t

TRM ), and changes in dividend-price (
t

DP ). 
,ix tσ are extracted from the 

bivariate GARCH(1,1) model. The system is estimated by the seemly unrelated 

regression (SUR) with the constraints that the slope estimate γ , xB  are the same for 

all the equations. Table 7 show that the results for the risk aversion estimate for 

market factor does not change compared to the estimate combined with SMB/HML 

factors as shown in Table 5. The risk aversion estimate for market factor is not 

significant. Second, we also find the negative coefficient on the covariance with the 

relative Treasury bill rate, which suggests a rise in short term interest rate forecast 

lower optimal consumption, which is consistent with Bali (2007)’s findings in the US. 

However, the coefficient is not statistically significant. The coefficient for term spread 

is positive for both sets of portfolios, but it is only significant for Size/BM portfolios, 

indicating that higher long-term interest rate relative to short term rate predict better 

investment opportunity. Dividend yield is negative and significant for industry 

portfolios, however, positive but insignificant for size/BM portfolios.  

 [Insert Table 7 here] 

In addition, we also directly add the macroeconomic variables into the system: 

                                        
, 1, 1 , 1im ti t i t i tC h XR Bγ ε
++ += + ++ ,  i=1,2…, N                       (16) 

In Table 8, we report the estimate form the system by SUR with the constraints that 

the slope estimate γ , B  are the same for all the equations. tX is the macroeconomic 

factors such as the relative Treasury Bill rate (
t

RREL ), term spread (
t

TRM ), and 

dividend-price (
t

DP ), lagged excess market return(
t

RM ), and lagged excess asset 

returns ( ,i tR ). Panel A reports the results from the estimation on the industry 

portfolios. It shows that the asset return is not related to none of the above factors. 

Panel B reports the results on Size/BM portfolios. The relative Treasury bill rate, term 

spread, and dividend-price are not helping explain the variation of asset return either. 

Only the lagged excess market returns positively predict future favourable investment 

opportunity. Lagged asset return is also weekly (significant at 10%) related to future 

asset returns. Table 7 and Table 8 suggest that the macroeconomic variable is not 

important for determining the shift in investment opportunity in Australia.  
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[Insert Table 8 here] 

 

 
 

5. Conclusion 

We examine the intertemporal relation between the conditional mean and the 

conditional variance in Australia using a bivariate generalized autoregressive 

conditional heteroskedasticity (GARCH) model. We test two sets of portfolios: the 21 

industry portfolio returns and the Fama-French 25 Size/BM portfolios sorted on the 

size and book-to-market value. We find there are strong GARCH effects in asset 

conditional covariance with market returns.  

We then use the estimated portfolio’s conditional covariance with the market 

to test whether the conditional covariance can help predict the time-variation in the 

then portfolios’ expected returns. Our results show that there is no significant relation 

between asset return and market return for both set of portfolios. We also examine the 

asset return with the SMB (size) and HML (value) factor, and we find that size and 

value factor only matter for Size/Book-to-Market portfolios, but not for the industry 

portfolios. SMB is positive related the asset returns, but HML is negative related to 

asset returns. 

 Lastly, we examine the role of the macroeconomic variables such as the 

relative Treasury bill rate, the term spread and aggregate market dividend yield in 

determining asset returns, and there is no evidence of the relationship between asset 

returns and macroeconomic variables.  
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Table 1.  Maximum Likelihood Estimates of the Conditional Covariance 
 
This table reports the maximum likelihood estimates of the parameters of the conditional covariance 
between excess asset returns and excess market returns. Panel A examines the 21 industry portfolios. 
Panel B examines the 25 Fama-French portfolios sorted on size and book-to-market ratio (25 Size/BM).  

, 1 0 1 , 2 , ,

im im im

im t im t i t m th hγ γ γ ε ε
+
= + +  

For the 21 industry portfolios, G- Energy, G2- Material (excluding Metals & Mining), G3- Metals & 
Mining, G4- Capital Goods, G5- Commercial Services & Supplies, G7-Automobile & Components, G10- 
Media, G11- Retailing, G12- Food & Staples Retailing, Household & Personal Products, G13- Food 
Beverage & Tobacco, G14- Health Care Equipment & Service, G15- Pharmaceuticals & Biotechnology 
& Life Sciences, G16- Banks, G17- Diversified Financials, G18- Insurance, G19- Real Estate (excluding 
REITs), G20- Real Estate Investment Trusts, G21- Software & Service, G23- Telecommunication 
Services, G24- Utilities, G25- GICS pending. For 25 Size/BM portfolios, S1B1 stands for the portfolio 
with the smallest size and lowest book-to-market ratio, S5B5 stands for the portfolio with the largest size 
and highest book-to-market ratio, etc. The t-statistics are placed on the right side of the coefficients in 
parenthesis.  The sample starts from February 1982 and ends in December 2006.  
 
 

Panel A: 21 Industry Portfolios 

Industry  0
imγ  t-stats 1

imγ  t-stats 2
imγ  t-stats 

G1  0.0001 (1.58) 0.8591 (27.63) 0.1200 (4.66) 
G2  0.0000 (1.64) 0.8951 (32.06) 0.0867 (3.73) 
G3  0.0001 (2.59) 0.8550 (80.43) 0.1123 (6.61)
G4  0.0001 (2.26) 0.9097 (45.86) 0.0565 (3.10) 
G5  0.0001 (2.47) 0.8561 (26.15) 0.0762 (3.39) 
G7  0.0000 (0.59) 0.9268 (23.43) 0.0238 (3.28) 

G10  0.0000 (1.41) 0.9036 (38.30) 0.0724 (3.40) 
G11  0.0001 (1.22) 0.8995 (14.32) 0.0384 (1.34) 
G12  0.0000 (1.29) 0.9058 (33.85) 0.0722 (3.78) 
G13  0.0000 (1.12) 0.8978 (35.86) 0.0876 (4.45) 
G14  0.0002 (2.64) 0.7869 (15.17) 0.0946 (3.27) 
G15  0.0000 (1.09) 0.9544 (33.08) 0.0207 (1.56) 
G16  0.0001 (2.26) 0.8182 (26.91) 0.1160 (5.50) 
G17  0.0001 (2.08) 0.8598 (18.17) 0.0679 (3.57) 
G18  0.0001 (1.96) 0.8539 (22.45) 0.1025 (3.16) 
G19  0.0001 (1.45) 0.9027 (32.93) 0.0711 (3.43) 
G20  0.0001 (1.69) 0.8488 (17.18) 0.0871 (3.06) 
G21  0.0002 (1.79) 0.8199 (11.13) 0.0870 (2.44) 
G23  0.0001 (1.57) 0.8620 (17.12) 0.0873 (2.58) 
G24  0.0000 (1.25) 0.8863 (21.16) 0.0814 (2.92) 
G25  0.0000 (0.89) 0.8248 (35.62) 0.1633 (5.02) 
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Panel B: 25 Size/BM Portfolios 

Portfolio  0
imγ  t-stats 1

imγ  t-stats 2
imγ  t-stats 

S1B1  0.0001 (1.27) 0.9020 (17.72) 0.0519 (1.88) 
S1B2  0.0001 (1.03) 0.9022 (12.16) 0.0391 (1.07) 
S1B3  0.0001 (1.02) 0.8638 (8.40) 0.0691 (1.27) 
S1B4  0.0001 (0.78) 0.9183 (13.71) 0.0385 (1.29) 
S1B5  0.0001 (1.28) 0.8695 (13.30) 0.0766 (2.37) 
S2B1  0.0001 (1.19) 0.9200 (19.79) 0.0434 (1.72) 
S2B2  0.0001 (1.27) 0.8863 (20.62) 0.0740 (2.52) 
S2B3  0.0001 (1.34) 0.9015 (15.35) 0.0376 (1.39) 
S2B4  0.0001 (1.08) 0.8772 (10.26) 0.0547 (1.56) 
S2B5  0.0001 (1.82) 0.8186 (12.45) 0.1077 (3.73) 
S3B1  0.0001 (1.96) 0.8749 (25.87) 0.0801 (3.77) 
S3B2  0.0001 (1.75) 0.8833 (30.96) 0.0954 (4.32) 
S3B3  0.0001 (2.32) 0.9136 (43.14) 0.0528 (4.03) 
S3B4  0.0001 (2.50) 0.9100 (38.54) 0.0446 (2.92) 
S3B5  0.0001 (2.18) 0.8564 (21.22) 0.0854 (4.19) 
S4B1  0.0001 (2.26) 0.8815 (27.47) 0.0689 (3.36) 
S4B2  0.0000 (1.32) 0.9719 (79.29) 0.0150 (3.67) 
S4B3  0.0001 (2.70) 0.8764 (25.23) 0.0610 (2.69) 
S4B4  0.0001 (2.22) 0.8741 (29.12) 0.0664 (4.80) 
S4B5  0.0001 (3.03) 0.7468 (22.75) 0.1698 (5.72) 
S5B1  0.0001 (2.32) 0.8181 (27.32) 0.1467 (5.20) 
S5B2  0.0002 (2.60) 0.7339 (15.35) 0.1871 (5.36) 
S5B3  0.0001 (2.26) 0.8360 (33.32) 0.1481 (5.90) 
S5B4  0.0001 (2.90) 0.7712 (27.65) 0.2000 (6.78) 
S5B5  0.0001 (1.69) 0.8317 (26.65) 0.1609 (4.92) 
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Table 2.  Summary Statistics for the Conditional Covariance and  
                Conditional Beta Estimates 
 
This table reports the summary statistics for the conditional covariance and conditional beta estimates 
between excess asset returns and excess market returns. Panel A examines the 21 industry portfolios. 
Panel B examines the 25 Fama-French portfolios sorted on size and book-to-market ratio (25 Size/BM). 
For 25 Size/BM portfolios, S1B1 stands for the portfolio with the smallest size and lowest book-to-
market ratio, S5B5 stands for the portfolio with the largest size and highest book-to-market ratio, etc. In 
each panel, the unconditional covariance (Uncon), and the mean, standard deviation (StdDev), minimum 
(Min), maximum (Max), and the first-order ( (1)ρ ) and 12th-order ( (12)ρ ) of the conditional covariance 
are presented.  The last three columns also report the unconditional beta and mean and the standard 
deviation of conditional beta, 

, , ,/i t im t mm t
h hβ = . The sample starts from February 1982 and ends in 

December 2006.  
 
 
 

Panel A: 21 Industry Portfolios 

 (Un)conditional Covariance  (Un)conditional Beta 

Industry Uncon Mean StdDev Min Max (1)ρ  (12)ρ    Uncon Mean StdDev 
G1 0.0021 0.0022 0.0025 0.0005 0.0207 0.88 0.32  1.0127 0.9631 0.2726 
G2 0.0021 0.0022 0.0019 0.0008 0.0153 0.91 0.36  1.0144 1.0968 0.1573 
G3 0.0025 0.0026 0.0026 0.0009 0.0234 0.88 0.23  1.2084 1.2257 0.1939 
G4 0.0020 0.0019 0.0012 0.0009 0.0100 0.92 0.44  0.9382 0.9965 0.1543 
G5 0.0018 0.0018 0.0013 0.0008 0.0130 0.86 0.21  0.8855 0.9464 0.2122 
G7 0.0016 0.0008 0.0005 0.0002 0.0044 0.90 0.33 0.7625 0.4924 0.2264 
G10 0.0030 0.0028 0.0026 0.0007 0.0200 0.92 0.45  1.4328 1.2779 0.3512 
G11 0.0015 0.0014 0.0007 0.0009 0.0058 0.92 0.37  0.6975 0.7667 0.2675 
G12 0.0017 0.0016 0.0019 0.0002 0.0137 0.93 0.47  0.8289 0.6839 0.1963 
G13 0.0018 0.0018 0.0025 0.0001 0.0195 0.91 0.38  0.8842 0.7190 0.2757
G14 0.0019 0.0019 0.0014 0.0010 0.0164 0.80 0.10  0.9260 0.9667 0.2200 
G15 0.0016 0.0016 0.0005 0.0012 0.0040 0.95 0.62  0.7862 0.9437 0.3204
G16 0.0018 0.0018 0.0016 0.0003 0.0162 0.84 0.09  0.8643 0.9060 0.2237 
G17 0.0017 0.0016 0.0012 0.0009 0.0117 0.88 0.21  0.8220 0.8753 0.2243 
G18 0.0024 0.0024 0.0027 0.0006 0.0257 0.88 0.32  1.1423 1.1008 0.3266 
G19 0.0023 0.0023 0.0023 0.0008 0.0180 0.92 0.40  1.0843 1.0523 0.1587 
G20 0.0010 0.0009 0.0010 0.0004 0.0095 0.85 0.12  0.4682 0.4537 0.0988
G21 0.0024 0.0024 0.0019 0.0003 0.0197 0.84 0.05  1.1559 1.3285 0.6563 
G23 0.0026 0.0021 0.0027 -0.0006 0.0209 0.91 0.29  1.2613 0.8592 0.3346 
G24 0.0018 0.0016 0.0020 0.0003 0.0164 0.90 0.37  0.8591 0.6707 0.2390 
G25 0.0026 0.0026 0.0039 0.0000 0.0364 0.87 0.21  1.2601 1.0008 0.4662 
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Panel B: 25 Size/BM Portfolios 

 (Un)conditional Covariance  (Un)conditional Beta 

Portfolio Uncon Mean StdDev Min Max (1)ρ  (12)ρ    Uncon Mean StdDev 
S1B1 0.0022 0.0023 0.0013 0.0004 0.0095 0.91 0.35 1.0658 1.2927 0.5027 
S1B2 0.0021 0.0018 0.0008 0.0009 0.0056 0.93 0.43  1.0066 1.0561 0.3949 
S1B3 0.0020 0.0020 0.0011 0.0006 0.0094 0.89 0.29  0.9482 1.1254 0.4286 
S1B4 0.0017 0.0016 0.0007 0.0009 0.0054 0.92 0.33  0.8027 0.9208 0.3375 
S1B5 0.0019 0.0020 0.0014 0.0009 0.0118 0.88 0.29  0.9057 1.0486 0.3291
S2B1 0.0025 0.0025 0.0011 0.0014 0.0084 0.93 0.38  1.1850 1.3856 0.4467 
S2B2 0.0021 0.0021 0.0014 0.0007 0.0114 0.90 0.26  1.0120 1.1227 0.3606 
S2B3 0.0017 0.0016 0.0007 0.0010 0.0057 0.92 0.39  0.8226 0.9469 0.3286 
S2B4 0.0015 0.0015 0.0008 0.0007 0.0074 0.88 0.23  0.6970 0.8531 0.3415 
S2B5 0.0019 0.0019 0.0019 0.0003 0.0186 0.85 0.16 0.9006 0.9059 0.2616 
S3B1 0.0022 0.0022 0.0016 0.0009 0.0142 0.90 0.28  1.0754 1.1399 0.3406 
S3B2 0.0017 0.0019 0.0015 0.0007 0.0133 0.88 0.18 0.8293 0.9854 0.3077
S3B3 0.0015 0.0015 0.0010 0.0007 0.0082 0.92 0.43  0.7216 0.8180 0.2642 
S3B4 0.0014 0.0014 0.0007 0.0008 0.0057 0.92 0.37  0.6622 0.7420 0.1486 
S3B5 0.0018 0.0018 0.0015 0.0007 0.0133 0.88 0.21  0.8582 0.9052 0.2276 
S4B1 0.0021 0.0021 0.0014 0.0010 0.0121 0.90 0.27  1.0024 1.0863 0.2955 
S4B2 0.0017 0.0017 0.0006 0.0011 0.0037 0.98 0.74  0.8303 0.9041 0.2197 
S4B3 0.0017 0.0016 0.0010 0.0009 0.0097 0.88 0.24  0.7961 0.8544 0.1790 
S4B4 0.0016 0.0014 0.0012 0.0007 0.0114 0.89 0.22  0.7443 0.7517 0.1298 
S4B5 0.0017 0.0018 0.0025 0.0004 0.0282 0.78 0.03  0.8018 0.7908 0.2772 
S5B1 0.0020 0.0021 0.0025 0.0006 0.0234 0.85 0.22  0.9781 0.9432 0.1649 
S5B2 0.0021 0.0022 0.0029 0.0008 0.0347 0.75 0.10  1.0176 1.0305 0.1266 
S5B3 0.0020 0.0022 0.0024 0.0006 0.0230 0.86 0.18  0.9780 1.0108 0.1847 
S5B4 0.0020 0.0024 0.0033 0.0000 0.0360 0.79 0.08  0.9746 0.9941 0.2430 
S5B5 0.0018 0.0021 0.0023 -0.0008 0.0219 0.85 0.08  0.8401 0.9055 0.3679 
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 Table 3.  The Intertemporal Risk-Return Relation 
 
Panel A shows the coefficient of risk aversion estimate γ from the following systems of equations: 

, 1, 1 , 1im ti t i i tC hR γ ε
++ += + + ,  i=1,2…, N 

where N is the number of portfolios. N=21 for the industry portfolios, and N=25 for the Fama-French 
portfolios sorted on size and book-to-market ratio (25 Size/BM), and N=46 for the system using both set 
of portfolios. The system is estimated by the seemly unrelated regression (SUR) with the constraints that 
the slope estimate γ is the same for all the equations. The sample starts from February 1982 and ends in 
December 2006.  Panel B estimates the following equation: 
                                  , 1 , 1 , 1m t mm t i tC hR γ ε+ + += + + , 

where , 1mm th +  is the market conditional volatility extracted from GARCH(1,1)-in-mean model. 
 
 
 
Panel A 
Portfolios  Coefficient of Risk Aversion:   γ  
   
21 Industry Portfolios   -0.6452 
  (-0.88) 
25 Size/BM Portfolios  0.3284 
  (0.60)
21 Industry Portfolios + 25 Size/BM Portfolios  -0.7363 
  (-2.01) 
 
 
Panel B 
Portfolios  Coefficient of Risk Aversion:   γ  
   
Market Portfolios   -0.3536 
  (-0.50) 
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Table 4. Fama-MacBeth Cross-Sectional Regression of Risk-Return Relation 
 
This table presents the Fama-MacBeth cross-sectional regressions for both the covariance and beta 
equations in the following forms: 

Covariance:  
, 1, 1 , 1im ti t t t i tC hR γ ε
++ += + + ,  

Beta:  
, 1, 1 0, , , 1im ti t t m t i tR φ φ β ε
++ += + + . 

The cross-sectional regressions are performed on two sets of portfolios: one is the 21 industry portfolios, 
and the other is 25 Fama-French portfolios sorted on size and book-to-market ratio (25 Size/BM). Panel 
A reports the cross-sectional regression estimates with unconditional covariance and beta. Panel B reports 
the estimates with the conditional covariance and beta extracted from the bivariate GARCH(1,1) 
estimation. The t-statistics are reported in parenthesis below the coefficients. The sample starts from 
February 1982 and ends in December 2006.   
 
 
 
  21 Industry Portfolios  25 Size/BM Portfolios 
  

0( )C φ  ( )mφγ   0( )C φ  ( )mφγ  
       

Panel A: Unconditional Regression 
       
Covariance  0.0053 1.0799  0.0034 3.6782 
  (1.40) (0.47)  (0.76) (1.16) 
Beta  0.0053 0.0023  0.0034 0.0077 
  (1.40) (0.47)  (0.76) (1.16) 
       

Panel B: Conditional Regression 
       
Covariance  0.0101 -0.5334  0.0064 1.6443 
  (3.68) (-0.29) (1.83) (0.55) 
Beta  0.0093 -0.0024  0.0065 0.0028 
  (3.43) (-0.73)  (1.91) (0.66) 
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Table 5. Conditional Covariance between SMB and HML 
 
This table presents the estimates of the loadings on the conditional covariance factor with size (SMB) 
and book-to-market (HML) factor from the following systems of equations: 

, 1 , 1 , 1, 1 , 1im t is t ih ti t i s h i tC h h hR B Bγ ε
+ + ++ += + + ++ ,  i=1,2…, N 

where N is the number of portfolios. N=21 for the industry portfolios, and N=25 for the Fama-French 
portfolios sorted on size and book-to-market ratio (25 Size/BM). The system is estimated by the seemly 
unrelated regression (SUR) with the constraints that the slope estimate γ , sB  and/or  hB are the same 

for all the equations. 
,is t

h is the estimated conditional covariance between excess asset returns and SMB 

factor, and 
,ih t

h is the estimated conditional covariance between excess asset returns and HML factor. 

Both 
,is t

h and 
,ih t

h are extracted from the bivariate GARCH(1,1) model. The sample starts from February 
1982 and ends in December 2006.   
 
 
 

Portfolio  γ  sB  hB  
21 Industry  -0.6280 0.7997  
  (-0.86) (0.72)  
21 Industry  -0.6468  0.7547 
  (-0.89)  (0.38) 
21 Industry  -0.6289 0.83991 0.8627 
  (-0.86) (0.75) (0.43) 
     
25 Size/BM  0.3312 1.0788  
  (0.61) (1.34)  
25 Size/BM  0.2163  -3.3260 
  (0.39)  (-2.42) 
25 Size/BM  0.2211 0.8850 -3.1971 
  (0.40) (1.09) (-2.32) 

1141



 22

Table 6.  Fama-MacBeth Regression Using Conditional Covariance  
                between SMB and HML 
 
This table presents the Fama-MacBeth cross-sectional regression estimates of the loadings on the 
conditional covariance factor with size (SMB) and book-to-market (HML) factor from the following 
equation: 

, 1 , 1 , 1, 1 , , , 1im t is t ih ti t t t s t h t i tC h h hR B Bγ ε
+ + ++ += + + ++ ,   

where 
,is t

h is the estimated conditional covariance between excess asset returns and SMB factor, and 

,ih t
h is the estimated conditional covariance between excess asset returns and HML factor. Both 

,is t
h and 

,ih t
h are extracted from the bivariate GARCH(1,1) model. The cross-sectional regressions are performed 
on two sets of portfolios: one is the 21 industry portfolios, and the other is 25 Fama-French portfolios 
sorted on size and book-to-market ratio (25 Size/BM). The table reports the time-series average of the 
cross-sectional regression estimates, and the corresponding t-statistics are placed below the coefficients 
in parenthesis. The sample starts from February 1982 and ends in December 2006.   
 
 
 

Portfolio  γ  
sB  hB  

21 Industry  0.0520 -1.9501  
  (0.03) (-1.16)  
21 Industry  0.1671  6.9434 
  (0.09)  (2.02) 
21 Industry  0.4004 -1.3050 5.9373 
  (0.22) (-0.75) (1.73) 
     
25 Size/BM  -6.3707 5.2126  
  (-3.06) (4.45)  
25 Size/BM  -1.9958  -4.8622 
  (-0.90)  (-1.80) 
25 Size/BM  -4.5913 6.7582 6.9756 
  (-2.24) (5.74) (3.60) 
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Table 7. Conditional Covariance with Macroeconomic Variables  
 
This table presents the estimates of the loadings on the conditional covariance factor with 
macroeconomic variables from the following systems of equations: 

, 1 , 1, 1 , 1im t xs ti t i x i tC h hR Bγ ε
+ ++ += + ++ ,  i=1,2…, N 

where N is the number of portfolios. N=21 for the industry portfolios for Panel A, and N=25 for the 
Fama-French portfolios sorted on size and book-to-market ratio (25 Size/BM) for Panel B. The system 
is estimated by the seemly unrelated regression (SUR) with the constraints that the slope estimate γ , 

xB  are the same for all the equations. 
,ix t

h is the estimated conditional covariance between excess asset 

returns and macroeconomic factors such as the relative Treasury Bill rate (
t

RREL ), changes in term 

spread (
t

TRM ), and changes in dividend-price (
t

DP ). 
,ix t

h are extracted from the bivariate GARCH(1,1) 
model. The sample starts from February 1982 and ends in December 2006.   
 
 
 

Portfolio  γ  
xB  

Panel A: 21 Industry Portfolios 

t
RREL   -0.6928 -173.0883 
  (-0.95) (-1.38) 

t
TRM   -0.6303 91.2778 
  (-0.86) (0.83) 

t
DP   -0.6512 -276.5685 
  (-0.89) (-3.61) 
    
Panel B: 25 Size/BM Portfolios 

t
RREL   0.3101 -74.6163 
  (0.57) (-0.92) 

t
TRM   0.3876 293.4367 
  (0.71) (2.23) 

t
DP   0.3086 58.5258 
  (0.56) (0.91) 
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Table 8. System Estimation with Lagged Macroeconomic Variables  
 
This table presents the estimates of the loadings on the macroeconomic variables from the following 
systems of equations: 

, 1, 1 , 1im ti t i t i tC h XR Bγ ε
++ += + ++ ,  i=1,2…, N 

where N is the number of portfolios. N=21 for the industry portfolios for Panel A, and N=25 for the 
Fama-French portfolios sorted on size and book-to-market ratio (25 Size/BM) for Panel B. The system 
is estimated by the seemly unrelated regression (SUR) with the constraints that the slope estimate γ , 

B  are the same for all the equations. tX is the macroeconomic factors such as the relative Treasury 

Bill rate (
t

RREL ), term spread (
t

TRM ), and dividend-price (
t

DP ), lagged excess market return(
t

RM ), 

and lagged excess asset returns ( ,i tR ). 
,ix t

h are extracted from the bivariate GARCH(1,1) model. The 
sample starts from February 1982 and ends in December 2006.   
 
 
 

, 1im tσ
+

 
t

RREL  
t

TRM  
t

DP  
t

RM  ,i tR  

Panel A: 21 Industry Portfolios 
-0.6696 -0.9485     
(-0.92) (-0.66)     
-0.6585  0.4708    
(-0.90)  (0.37)    
-0.6418   -0.0550   
(-0.88)   (-0.30)   
-0.5945    0.0259  
(-0.81)    (0.68)  
-0.6181     0.0134 
(-0.84)     (1.06) 
-0.7339 -1.1399 -0.0067 -0.0836 0.0309 0.0094 
(-1.00) (-0.65) (0.00) (-0.43) (0.70) (1.03) 

      
Panel B: 25 Size/BM Portfolios 

0.3049 1.1677     
(0.55) (0.69)  
0.3009  0.5968    
(0.55)  (0.41)  
0.3403   -0.0991   
(0.62)  (-0.45)  
0.6616    0.1854  
(1.23)    (4.23)  
0.5152     0.0201 
(0.94)  (1.72) 
0.4860 2.4089 1.8794 -0.0337 0.1361 0.0266 
(0.89) (1.20) (1.10) (-0.15) (2.79) (2.31) 
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highest number of correct predictions and the lowest error rate. 
 
Key words: Corporate governance, bankruptcy, ownership structure, board 
composition 
 
JEL Classifications: G3 G33 
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1. Introduction 

Corporate governance is a critical component of business analysis. It is also a 

key business discipline that contributes to the financial health and performance of a 

firm, and evidence shows that corporate governance mechanisms are important to 

assessing the likelihood that a distressed firm will survive. Models of corporate 

bankruptcy traditionally use firm accounting information as explanatory variables, 

but, if a firm’s corporate governance structure is related to its probability of financial 

distress, then the inclusion of corporate governance “non-accounting” variables in an 

early warning system or a prediction model for financial distress would provide better 

indicators than a model based on accounting variables alone. 

The object of this work is to augment the literature by examining the question: 

Do selected corporate governance variables improve the predictive powers and 

accuracy of bankruptcy models? This study will provide evidence about the impact of 

selected aspects of corporate governance at the extreme end of firm 

underperformance—bankruptcy itself. We consider the governance of a firm to be 

largely determined by its board composition, board size and its ownership structure. 

This is an important contribution because the research could provide managers, 

financial advisors, shareholders, creditors, future investors and policy makers with a 

tool they can use to measure the impact of corporate governance on the probability of 

bankruptcy and delisting. This study is primarily an exploratory study in that it is 

intended to provide evidence on what, if any, relationship exists between the features 

of a firm’s governance and its probability of bankruptcy. The structure of this 

discussion is set out below.  

Section 2 discusses conceptual issues relating to prediction models, examines 

the relationship between corporate governance and bankruptcy, reviews the 

limitations of bankruptcy prediction models, and describes the contribution of this 

study. Section 3 provides data sources and outlines the methodology employed. 

Section 4 provides summary statistics on the independent variables and presents the 

results from univariate tests on the independent variables. Section 5 presents the 

results from the multivariate analysis, and Section 6 concludes the work. 

Using the Logit model, the evidence suggests that bankrupt firms have a 

significantly smaller number of directors on their board and that a lower proportion of 

shares are held by institutional investors and insiders of the firms. This study finds 
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that, of the selected corporate governance variables, the proportion of shares held by 

insiders added to the usual financial ratios increases the predictive power (as 

measured by the increase in the Likelihood ratio statistic and pseudo R2) and accuracy 

(number of correct predictions and lowest number of errors Type I and II) of a 

bankruptcy prediction model. This study also finds that a model incorporating all the 

selected corporate governance variables, except the change in the proportion of shares 

held by institutional investors, provides the most accurate prediction model, with the 

highest number of correct predictions and the lowest error rate. 

2. A selective review of prior literature 

Conceptual issues relating to prediction models 

The probability of a firm entering financial distress is an important concern in 

the life and health of any enterprise.1 The assumption that a firm is a “going concern” 

is critical to the behaviour of internal and external stakeholders. Internal stakeholders, 

such as managers and employees, are concerned about the specific skills they have 

invested in a firm that may not be transferable to other enterprises. External 

stakeholders, such as creditors, investors, employees and suppliers, may view the firm 

differently in times of financial distress relative to times of prosperity. 

In practice, auditors, security analysts and credit rating agencies provide a 

means of monitoring and reporting the probability of financial distress to relevant 

stakeholders, particularly those external to the enterprise. The use and motivation for 

bankruptcy prediction models is clear—the early detection of financial distress or 

symptoms of failure. The use of prediction models assumes that failure is not a sudden 

process but a gradual process, and many different models have been used to predict 

corporate bankruptcy. All of these models have their particular strengths and 

weaknesses; therefore, choosing the correct or best model for an empirical application 

is not clear-cut. 

Beginning with Beaver’s (1966) univariate analysis, many empirical 

applications of prediction models have been used to investigate corporate bankruptcy, 

and there have been several reviews of the literature on bankruptcy prediction models. 

However, many studies do not provide a comprehensive comparison across the 

models, and they fail to identify an optimal set of models and variables. All of the 

                                                 
1 A firm is classified as entering financial distress if it has violated a debt covenant and has not filed for 
bankruptcy.  
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models come at a different price in terms of ease of application, data availability and 

accuracy in sample and out of sample. 

Although Morris (1998) provides a comprehensive review of bankruptcy 

prediction models, he does not discuss artificially intelligent expert system models 

(AIES). Mossman, Bell, Swartz and Turtle (1998), using a sample of bankruptcies 

from 1980 to 1991, compare four different types of bankruptcy prediction models 

based on financial statement ratios, cash flows, stock returns and standard deviations. 

Mossman et al.’s (1998) results indicate that no existing model of bankruptcy 

effectively captures the data, as no individual model is able to be excluded without a 

loss in explanatory power.  They conclude that none of the models can reliably predict 

bankruptcy more than two years in advance. Overall, however, Aziz and Dar (2006) 

provide the most comprehensive review of corporate bankruptcy prediction to date.  

In an extensive literature review, Aziz and Dar (2006) analyse 89 empirical 

studies of corporate bankruptcy prediction using data from various time periods and 

countries.2 They find that a statistical technique (for example, multi-discriminate 

analysis, Logit, probit etc.) is most often used, that an AIES (for example, artificial 

neural networks) approach is relatively new, and a theoretical model is uncommon 

(see page 17 for a discussion of these models). In assessing the predictive power of 

the different models, Aziz and Dar (2006) analyse the misclassification rates for each 

model and identify that it is important to classify healthy firms as healthy and failed 

firms as failed. A firm may be misclassified in two ways: the first is to classify a 

failed firm as a non-failed firm, described as an error Type I. This misclassification 

can be expensive to lenders. The second misclassification is to classify a non-failed 

firm as failed, described as an error Type II. Aziz and Dar (2006) find that the 

predictive accuracies of different models appear to be generally comparable (the AIES 

models perform marginally better than the other two categories of models).  

In conclusion, Aziz and Dar (2006) suggest two areas for model development. 

The first is data selection. Many researchers have employed relatively small sample 

sizes, and, while this may not impede further research, it may discourage the use of 

methodologies that require large samples. The results for individual models may be 

biased by the research data, as many different samples are used in the review. The 

second area for model development concerns the variables selected and the accuracy 

                                                 
2 Aziz and Dar (2006) analyse 46 articles (43 articles, one technical report and two discussion papers) 
in obtaining the 89 studies (63 statistical models, 25 AIES models and 11 theoretic models).  
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of the model. Most models use firm accounting information to form the explanatory 

variables, and selection of the correct variables is important. Aziz and Dar (2006) 

recommend developing models that include corporate governance structures and 

management practices.  

Traditionally, bankruptcy prediction research uses financial ratios to predict 

firm failure. Aziz and Dar (2006) report that more than 60% of studies use financial 

ratios (measuring, for example, asset composition, firm size and growth, leverage, 

liquidity, profitability, operating cash flows) as the only explanatory variables. About 

7% use cash flow information, while the remaining studies (about 33%) employ a mix 

of financial ratios and other variables (including variables such as industry-specific, 

location, macroeconomic and other firm-specific variables). These findings reveal a 

reliance on company accounting information, and researchers make limited use of 

other information. The majority of models use firm accounting information to form 

the explanatory variables, and the selection of the correct variables is important. Firms 

with imperfect corporate governance structures may not provide the correct incentives 

to encourage firm management to report on the true state of their firm. Thus, relying 

only on information provided by these managers, such as firm financial ratios, may 

produce misleading results. This fact is borne out by the spectacular debacles of 

Enron, WorldCom and Bear & Sterns. For this reason, Aziz and Dar (2006) 

recommend developing models that include corporate governance structures and 

management practices.  

Corporate governance has become an important feature of business analysis 

and is now recognised as a key business discipline that contributes to the financial 

stability and growth of any firm. The relationship between corporate governance and 

financial performance is central to corporate finance, and it continues to be the 

motivation for a rich set of literature. For example, Core, Holthausen and Larcker 

(1999) find evidence suggesting that firms with weaker governance structures have 

greater agency problems and that these firms perform more poorly. Larcker, 

Richardson and Tuna (2004) find scant evidence, using many governance factors, that 

governance has a substantial impact on valuation, managerial decision making, class-

action lawsuits or restatements.  

The success of any business lies in its management’s business planning 

processes. The effect of the planning process is a result of the interaction between two 

major sets of factors. The first major factors influencing the performance of a firm 
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emanate from inside the firm from its management team. Management determines the 

firm’s ability to allocate its resources as it adapts and takes advantage of a constantly 

changing environment. Through a continuous process of monitoring, executing and 

adapting strategic plans, management attempts to maintain a high performance level 

for the firm and to act in the best interests of its stakeholders.3 Results of empirical 

studies conclude that better corporate governance leads to better operating 

performance for the firm. For surveys on corporate governance, see Shleifer and 

Vishny (1997) and Denis and McConnell (2003). For surveys of the literature on 

boards of directors, see Zahra and Pearce (1989) and Hermalin and Weisbach (2001). 

The extreme end of performance is underperformance, which may lead to 

financial distress and bankruptcy. Wruck (1990) argues that firms enter financial 

distress as a result of economic distress, declines in their performance and poor 

management. The prediction models evaluated by Morris (1998), Mossman et al. 

(1998) and Aziz and Dar (2006) all use performance measures based on financial 

ratios. None of these studies incorporate governance structures in the prediction 

models.  

Corporate governance and bankruptcy 

A growing body of literature questions the link between corporate failure and 

corporate governance. Previous researchers find that corporate governance attributes 

are associated with financial distress. Early studies of corporate governance focus on 

each specific aspect of governance, such as board composition, shareholder rights, 

executive remuneration, insider ownership and takeover defences, in their 

investigation of the link between governance and firm performance or value. 

However, not all studies agree about what constitutes good governance. 

This expanding body of literature examines the effectiveness of firms’ boards 

of directors in preventing bankruptcy. Baysinger and Butler (1985) find that the 

degree of financial health of a firm is affected by board composition; firms with 

above-average performance have a higher percentage of outside directors than firms 

with below-average performance (outside directors are believed to provide several 

advantages, as compared with their insider counterparts). Gilson (1989) finds that a 

firm’s financial distress is associated with board composition changes; boards 

                                                 
3 The absence of a strategic marketing plan or a “plan” may be a cause of poor performance (see Karger 
and Malik, 1975). 
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increase their number of directors who are creditor block holders subsequent to the 

onset of financial distress. 

Daily and Dalton (1994a) examine 50 bankrupt firms and 50 matched firms 

over five years and three years prior to filing for Chapter 11. They find that firms with 

a lower proportion of independent/outside directors and a chief executive officer 

(CEO) who acts as chairperson of the board of directors are more likely to go 

bankrupt. Daily and Dalton conclude that governance structures do contribute to the 

incidence of bankruptcy beyond financial considerations. Therefore, continued 

attention to those governance factors associated with organisational decline and 

bankruptcy seems warranted.  

Elloumi and Gueyie (2001) investigate the relationship between corporate 

governance characteristics and financial distress status for a sample of Canadian 

firms. They match a sample of firms considered to be financially distressed that have 

not yet reached bankruptcy with a sample of firms considered to be healthy and 

examine the corporate governance variables and firm financial performance measures 

considered to be related to financial distress. They found that firms that are healthy 

have a high proportion of outside directors on their boards. The authors conclude that 

the composition of the board of directors explains financial distress, beyond an 

exclusive reliance on financial indicators.  

Parker, Peters and Turetsky (2002) longitudinally track a sample of 176 

financially distressed firms over the period 1988 to 1996. They test whether insider 

turnover, creditor involvement and ownership structures are associated with the 

survival of financially distressed firms. In addition to examining corporate governance 

attributes, they investigate the link between governance and financial indicators as 

determinants of firm survival. They employ a Cox Proportional Hazard Regression 

since it isolates the influence that specific variables have on firm survival over time 

and accounts for censored observations in an unbiased manner. Their results suggest 

that firms that replace a CEO with an outsider are more than twice as likely to 

experience bankruptcy.4 Furthermore, larger levels of block holders and insider 

ownership are positively associated with the likelihood of firm survival. Liquidity, 

profitability and size prove significant when corporate governance variables are 

incorporated. 

                                                 
4 An outsider is defined as a person who is employed from outside the firm. Bonnier and Bruner (1989) 
find a positive stock price response to a CEO replaced by an outsider in underperforming firms. 
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Daily (1996) investigates the extent to which audit committee composition and 

institutional investor holdings are related to the incidence and nature of a firm’s 

bankruptcy filings. The results demonstrate no association between the incidence of 

bankruptcy and these variables. However, these variables are associated with the 

choice of bankruptcy filing. 

Hambrick and D’Aveni (1992) study 57 large bankruptcies and 57 matched 

survivors, examining the top management team (TMT) characteristics associated with 

major corporate failure. Their results indicate that failing firms show significant 

annual or cross-sectional divergence from survivors on several indicators of TMT 

composition but also that these divergences become more pronounced, and even 

accelerate, over the last five years of the bankrupts’ lives. The results suggest that 

divergent and deteriorating TMT can be considered as a critical element in the 

downward spiral of large corporate failures. They conclude that, since large 

companies tend to take a long time to die (Hambrick and D’Aveni 1988), the 

likelihood that their top teams become substantially weaker during decline should be 

included in any complete model of the decline process. 

A number of studies examine whether filing for bankruptcy is costly to 

managers, in the sense that they are likely to lose their jobs. The first study to examine 

management turnover for distressed firms is Gilson’s (1989) work. Gilson examines 

the turnover of “senior management,” which he defines as individuals with the title 

CEO, chairman or president in a four-year period beginning two years before a firm 

filed for bankruptcy. Of the 69 bankrupt firms he examines, 71% of senior 

management is replaced within two years after the firm files and 60% of senior 

management in firms that successfully restructure their debt out of court.5 Other 

studies of management turnover for Chapter 11 firms show a similar pattern of 

extremely high turnover. Betker (1995) follows 75 Chapter 11 firms, from two years 

prior to default to one year after confirmation, and finds a 75% CEO turnover rate 

prior to emergence and a 91% turnover rate at emergence.6 This result is similar to 

                                                 
5 Gilson (1989) finds that none of the senior management who lose his or her position is employed by 
another exchange-listed firm over a three-year period following departure. 
6 For comparison, several studies examine CEO turnover in non-distressed firms. Weisbach (1988) 
finds a mean annualized resignation rate of 8% per year for a sample of firms listed on the New York 
Stock Exchange (NYSE). Warner, Watts and Wruck (1988) find a mean annual turnover rate of 0.12 
changes per firm for a random sample of NYSE and American Stock Exchange (AMEX) firms. Results 
from both studies provide evidence that the rate of turnover is sensitive to firm performance, but it is 
clear that the turnover rates reported for the worst-performing firms are not nearly as high as those 
observed for financially distressed or bankrupt firms. 
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LoPucki and Whitford (1993), who find that 91% of CEOs are replaced within six 

months after confirmation of Chapter 11 filing. Hotchkiss (1995) finds that 55% of 

CEOs are replaced by the time a restructuring plan has been proposed and 70% at the 

emergence of Chapter 11. Datta and Iskandar-Datta (1995) find that 58.51% of their 

sample of firms experiences a change in senior-level management in the pre-filing 

period, and 47.41% experience a change in the post-filing period. The difference 

between the two periods is significant.  

Lee and Yeh (2004) examine the link between corporate governance indicators 

and the prediction of financial distress in a sample of Taiwanese firms. They first 

examine the connection between corporate governance structure and financial distress 

and find that a relationship exists for nearly all of their corporate governance 

indicators. Using a binary logistic regression, Lee and Yeh (2004) examine corporate 

governance variables and accounting variables. Their results identify a positive 

relationship between the deviation in control rights from cash flow rights, the number 

of directors and supervisors who are controlled by the largest shareholders, as well as 

the higher the stock pledge ratio, the greater the likelihood the firm would get into 

financial distress in the following year. They conclude that firms with weak corporate 

governance are vulnerable to economic downturn and the probability of falling into 

financial distress increases. 

In summary, research shows that a link exists between corporate governance 

and financial distress and that the quality of the corporate governance structure plays 

an important role in the success or failure of a firm. 

Prediction model limitations 

Altman (2000) reports that the incidence of error Type II (classifying a firm as 

failed when it is not) has increased, with as many as 15–20% of all firms reporting Z-

scores below 1.81. A possible explanation for Type II errors relates to corporate 

governance. Due to the increasing availability of information about corporate 

governance and the greater transparency of information, a firm may have profitability 

and liquidity problems, which would classify it as failed or failing, yet it is able to 

continue to avoid bankruptcy because the stakeholder and management goals are 

aligned. Part of corporate governance is concerned with the process in which suppliers 

of financing (stakeholders) to firms assure themselves of receiving a return on their 

investment; this is referred to as the agency problem. To solve this agency problem, 
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debt contracts can be used. To protect themselves, suppliers of debt financing arrange 

specific contractual obligations that management must adhere to. If the borrower (the 

firm) violates any of the covenants, the lender receives certain rights, such as the 

ability to control the firm’s assets or the opportunity to enforce bankruptcy. However, 

if the managers have the correct incentives, and the debt holders believe that the 

managers are acting in the stakeholders’ best interests, then, if a shock occurs to set 

off the triggers for breach of covenants (for example, due to underperformance), the 

debt holders may not exercise their right to control. Therefore, a firm may be 

classified as a distressed (or failed) firm using the prediction model, which uses 

accounting numbers, yet the firm may not have recovered from the shock when it does 

not fail (error Type II). 

Mossman et al. (1998) compare models based on financial statement ratios, 

cash flow ratios, stock returns and return standard deviation and find that none of 

these existing models of bankruptcy adequately captures the data used. None of the 

models used include variables for corporate governance. 

Aziz and Dar (2006) discuss the limitation of the models as a result of using 

small samples but do not mention the limitations of the models due to the accuracy of 

variables. Therefore, another point that arises from using only accounting information 

in prediction modelling is the level of accuracy of the information. This is noted as 

being especially important recently, as two of the largest bankruptcy filings in the US 

(Enron and WorldCom) have been fraud related, and there have been other 

governance issues, like the excessive spending of Tyco’s CEO and chief financial 

officer.7 Fraud in this context is defined as the distortion of a firm’s reported financial 

performance or condition. This brings into question the accuracy and transparency of 

accounting information, as fraudulent activities can result in inaccurate numbers. If 

there is a high correlation between corporate governance variables and accounting 

variables, this means that the accounting variables become redundant, thereby 

lessening the effects of the fraudulent manipulation of accounting information.  

Contribution of this study 

The above points indicate the importance of corporate governance variables in 

the development of models of bankruptcy prediction. This is because management 

                                                 
7 This list is by no means exhaustive, nor a US phenomenon, as companies such as Parmalat of Italy 
and Marconi in the UK have demonstrated. 
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determines a firm’s ability to allocate its resources as it adapts and takes advantage of 

a constantly changing environment. Through a continuous process of monitoring, 

executing and adapting strategic plans, management attempts to maintain a high level 

of firm performance and act in the best interests of stakeholders. Therefore, the 

strength of the corporate governance system is extremely important in predicting 

corporate bankruptcy. This study aims to contribute to the bankruptcy prediction 

literature by clarifying the strength of corporate governance systems and their 

relationship with bankruptcy in bankruptcy prediction modelling.  

Gaining a better knowledge of the effects of corporate governance on 

prediction models and the magnitude and significance of indirect bankruptcy costs is 

important for many reasons and should be of interest to several groups of people. 

Financial analysts and investors, in general, are likely to be interested in knowing the 

effect that the strength of a corporate governance system has on a firm’s probability of 

financial distress. Corporate executives in charge of making capital structure decisions 

should be cognisant of the role they play in determining the future of the firm and the 

effect their decisions have on the probability of bankruptcy. This research is also 

likely to be of interest to policy makers. In the current international environment, 

which features a large private sector and globally-integrated world capital markets, 

corporate governance has become a prominent topic of reform. Policy makers are 

attempting to encourage better corporate governance practices. For example, in July 

2002, the US adopted the Sarbanes Oxley Act, which provides new guidelines for 

corporate governance. The Act is designed to improve the transparency of information 

among US firms.  

 

3. Data and methodology 

Default definition and data sources  

The data used in this study are derived from publicly traded US companies. 

The definitions of financial distress and bankruptcy are different. The definition of 

distress is usually presented as the condition that occurs when a firm has a delayed or 

missing contractual debt obligation.8 Bankruptcy is a legal proceeding whereby an 

individual or a business can declare an inability to pay back debts. In the US, 

                                                 
8 Other indicators used in previous research to define a financially distressed firm are reductions in 
dividend payments, accounting qualified audit opinions, other violations of debt covenants and troubled 
debt restructuring (see Flagg, Giroux and Wiggins, 1978; Lau, 1987, Johnsen and Melicher, 1994). 
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bankruptcy allows individuals or businesses to either restructure their debt and pay it 

back within a payment plan Chapter 11 or have most of their debts absolved 

completely, Chapter 7.  

Researchers have used different criteria to define default/bankruptcy.9 This 

research uses US data and, therefore, uses the definition of bankruptcy as a firm that 

has filed for Chapter 11 protection. Chapter 11 bankruptcy is a federal court 

procedure for businesses to re-organise their affairs. The Chapter 11 plan outlines how 

the business will repay its creditors either partially or in full.  

The list of bankrupt firms is obtained from the Altman-NYU Salomon Center 

Bankruptcy List. This list is one of the most comprehensive bankruptcy lists available. 

It contains a complete list of large corporate bankruptcies under either Chapter X or 

XII (1971–1978) and most of the Chapter 11 bankruptcy filings between 1979 and the 

present.10 The Altman-NYU Salomon Center Bankruptcy List is held by the 

Department of Finance and Quantitative Analysis at the University of Otago.11   

Financial data are extracted from the Compustat database. Stock ownership, 

board size and composition data are obtained from SEC Compact Disclosure database 

produced by Disclosure Incorporated.12 

Sample firms 

Due to the limitations of the SEC Compact Disclosure database (years 1990–

2000), this study is limited to firms that filed for bankruptcy between 1990 and 

2001.13 Therefore, the initial sample in this study consists of 517 bankrupt firms. 

However, as with previous research, the criterion for inclusion in the study is to have 

five years of published financial statements available prior to the bankruptcy data.14 

Thus, “new firms” (i.e., those firms with fewer than five years of available financial 

data) are excluded from the sample. From this criterion, the sample is reduced to 389 

(75.24%) firms with financial data for five previous years available from Compustat 

                                                 
9 A summary of firm failure/bankruptcy definitions from empirical studies can be found in Castagna 
and Matolcsy (1981). 
10 The bankruptcy list is not a complete list, as it does not include firms with liabilities less than $100 
million at default. 
11 The list held at the University of Otago is a list of Chapter 11 bankruptcies between 1979 and 
October 2007 and contains 1037 bankrupt firms. 
12 The Sec Compact Disclosure database held at the University of Otago cover the years 1990 – 2000. 
13 Firms filing for Chapter 11 protection in 2001 are included if their last year of filing financial 
information was 2000. As with prior prediction research, this study uses financial information in prior 
years in the analysis. 
14 The data five years prior to bankruptcy allow the study to use an average variable in the prediction 
process.  
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(this reduced the list of firms available that filed for Chapter 11 for the period 1995 

until 2001). Information on corporate governance, board composition and ownership, 

are obtained manually from the SEC Compact Disclosure database. Again, only firms 

with data available for the five years prior to the bankruptcy data are included in this 

study. This leaves 204 (39.46% of all bankrupt firms and 52.44% of firms with five 

years of financial data) firms classified as bankrupt, with financial and governance 

data five years prior to bankruptcy. The 204 firms range in size from $2 million to 

$4468.89 million in total assets over the five-year sample period. The bankrupt 

sample is matched to a sample of non-bankrupt firms by the same four-digit SIC 

industry code and of comparable size, based on total assets at five years prior to the 

bankrupt firms bankruptcy date, that did not go bankrupt during the sample period. 

Most prior researchers use an equal sample number of bankrupt and non-bankrupt 

firms. However, alternative literature suggests increasing the number of matching 

samples. Therefore, this study selects all firms that have the same four-digit SIC code, 

comparable total assets five years prior to the bankruptcy data and five years of 

financial and corporate governance data. There are 450 firms available that fit this 

criterion. Table 1 provides a breakdown of the number of bankrupt and non-bankrupt 

firms and average total assets by year of bankruptcy. 

[Insert Table 1] 

 

One of the points raised by Aziz and Dar (2004) is the effect small samples 

sizes and the restriction of many studies to one or two industries (this is most likely 

due to the limited number of bankruptcies in previously used data sets) has on 

bankruptcy models. It is well documented that financial ratios differ for firms in 

different industries due to varying levels of competition and different accounting 

practices; therefore, the likelihood of bankruptcy can differ for firms in different 

industries (see Chava and Jarrow, 2004, for a summary of studies that highlight the 

industry effects on bankruptcy).   

This study places no restriction on industry- and Table 2 and Figure 1 partition 

bankruptcies and matched firms by industry classification.15 The industries are 

grouped into nine major industrial sectors based on the four-digit SIC classification. 

                                                 
15 The industry classification used in this study is the same as Chava and Jarrow (2004). 
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The analysis will be done with and without controlling for industry (dummy variables 

will be used for each industry). 

 

[Insert Table 2 and Figure 1] 

Methodology 

Corporate bankruptcy prediction models can be classified into three main 

categories, in which the models are further grouped according to the investigative 

technique they use. The first category is theoretical models. These models focus on 

the qualitative causes of failure and are based on information that could satisfy the 

theoretical rationale as to why a firm fails. These theoretical models employ a 

multivariate statistical technique to provide quantitative support for the theoretical 

argument.  

The second category is statistical models that focus on the symptoms of 

failure, using information drawn mainly from a firm’s accounting or operating 

information. These models are univariate and/or multivariate in nature and follow 

classical standard modelling procedures. Examples of these models are Altman’s Z-

score and ZETA models (see Altman, 1993) as well as Logit, multinomial Logit and 

probit models.  

The third category of models can be thought of as an “automated offspring” of 

statistical models. Models in this category are know as artificially intelligent expert 

system models (AIES) and focus on systems of firm failure. Like the statistical 

models, they mainly use company accounting information and exploit both univariate 

and multivariate (more common) statistical techniques. These models are the result of 

technological advancements and informational development and are highly dependent 

on computer technology. 

Aziz and Dar’s (2006) review of bankruptcy prediction models reports that 

past attempts at corporate bankruptcy prediction have primarily used financial ratios 

in statistical models, particularly MDA and Logit. Individually, MDA has been used 

most frequently, followed by Logit. They say that this finding is not surprising, as 

statistical models have been in use for a longer time period. MDA and Logit models 

provide consistently better predictive accuracies. The researchers report low average 

error Type I and II rates, and they also advocate using MDA, Logit or neural network 

models in future research.  
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Following on from the existing literature, this study will use logistic regression 

techniques to predict bankruptcy. It aims to update the current bankruptcy prediction 

literature by investigating variable(s) for corporate governance in the probability of 

firm bankruptcy.  

The Logit model 

The Logit model uses the coefficients of independent variables to predict the 

probability of occurrence of a dichotomous dependent variable. In the context of 

bankruptcy prediction, the technique weighs the financial ratios and creates a score for 

each company so it can be classified as either bankrupt or healthy.  

Although it would be possible to model the odds, it is simpler to model the log 

(natural log, ln) of the odds [ln (odd) = ln (P / 1-P)]. This transformation into natural 

log, allows the dependent variable to take any value between negative infinity and 

positive infinity. In this way, the dependent variable also becomes continuous rather 

than discrete. Now, equation (1) can be written in the logistic regression functional 

form as:  

( ) iXPPLn µββ ++=− 1101/
       (2) 

Hence, the probability that an event may occur, in this case firm failure, is 

given by:  

( )110exp1

1
X

P
ββ +−

+
=

        (3) 

Equation (3) is estimated using the maximum likelihood method. Assuming 

that 0 indicates bankruptcy, the greater the resulting decimal fraction is above 0.5 

(which implies an equal chance of a company being a failure or non-failure), the less 

chance there is of the subject firm going bankrupt.16  

Control variables 

The choice of predictor variables is based on a company’s operating and 

financial performance measures.17 The question still arises about the variables that are 

most important in detecting bankruptcy potential. There is considerable debate in the 

bankruptcy model literature about the types of variables that are used in the prediction 

                                                 
16 For further details on logit, see Green (1997), Chapter 19, and for the logit used in bankruptcy 
prediction, see Morris (1998). 
17 One of the foundational works in the area of using firm performance ratio analysis and bankruptcy 
classification is Beaver (1967).  His univariate analysis of a number of bankruptcy predictors has set 
the stage for the multivariate attempts that have followed. 
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process. Hamer (1983) and Mossman et al. (1998) compare models based on different 

variable sets drawn from well-known prior studies. They conclude that none of the 

variable classifications is superior to another. The lack of theoretical underpinning to 

guide the selection of control variables has always been problematic in bankruptcy 

research (e.g., Foster, 1986; Jones, 1987; Zavergren, 1983 and Charitou, Neophytou 

and Charalambous, 2004). However, previous studies agree on classifying the 

variables into five standard ratio categories. These categories include liquidity, 

profitability, leverage, solvency, activity and size. The methodological points that this 

study seeks to make are demonstrated by using variables from previous studies. This 

research will first use the most common variables and then use other variables for 

robustness checks. A definition of the categories and various individual ratios follow. 

Liquidity: Liquidity is defined as the ability of the firm to meet its short-term 

financial obligations. Commonly, firms are drained in terms of liquid assets 

immediately prior to bankruptcy, and they may borrow heavily to manage short-term 

obligations. Therefore, a liquidity variable needs to represent the fact that, if a firm is 

failing, it will experience consistent operating losses and will have shrinking current 

assets in relation to total assets. The most common variable to represent liquidity in 

previous studies is working capital to total assets. Working capital to total assets is a 

measure of the net liquid assets of the firm relative to the total capitalisation.  

Working capital is defined as current assets minus current liabilities. Current ratio is 

defined as current assets over current liabilities. Altman (2000) finds that the current 

and quick ratios are less helpful and are subject to perverse trends for some failing 

firms. 

Other common measures are current ratio, quick ratio and short-term debt to 

revenues from operating activities.   

Profitability: The profitability of the firm should be considered the driving 

factor for both liquidity and solidity. In the short term, the firm must generate a 

sufficient margin on its operations to be able to service its debt. Sustained negative 

profits will quickly drain the solidity of a firm, and, if a firm is to grow, it may need 

its retained earnings in excess of requirements. Furthermore, profitability will affect 

the ability of the firm to obtain external financing. In the short run, negative profits 

will affect the liquidity of the firm. Under the trade-off model, firms will trade off the 

advantages of debt against the disadvantages. If a firm has high profits, it will require 

a higher shield from taxes; therefore, firms with higher profits will require higher 
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debt. To represent profitability, previous studies use return on capital employed.18 

However, Altman (2000) advises using the ratio of earnings before interest and tax 

over total assets to measure the productivity of a firm. The reasoning behind this 

measure is that a firm’s ultimate existence is based on the earning powers of its assets, 

and this measure is independent of any tax or leverage factors. Additionally, 

insolvency, as it relates to bankruptcy, occurs when the total liabilities of a firm 

exceed a fair valuation of its assets, with value determined by the earnings power of 

the assets. The ratio of earnings before interest and tax over total assets has been 

shown in many previous studies to outperform other measures of profitability, 

including measures based on cash flow. Therefore, this research will use this ratio. 

Other profitability measures commonly used in bankruptcy prediction literature are 

earnings before tax and interest over total liabilities and income before extraordinary 

items over total assets or fixed assets. 

Leverage: If markets are not perfect, the capital structure of the firm will be 

important to the relationship between equity holders and debt holders. The greater the 

equity proportion of capital supplied, the lower the financial risk. With lower financial 

risk, the more funds are available for use by equity holders (to be paid as dividend or 

reinvested in the firm) and the higher the probability that a firm will be more likely to 

obtain external finance. Many different variables have been used to represent the 

financial leverage of the firm in previous studies. The first measure represents the 

value of the firm compared with the liabilities of the firm, total liabilities to total 

assets. Another common measure is retained earnings to total assets ratio, which can 

also be used to proxy for the age of a firm. For example, a relatively young firm may 

show low retained earnings to total assets ratio, as it has not had time to build up its 

cumulative profits. Altman (2000) argues that the young firm is somewhat 

discriminated against when this measure is used, as its chance of being classified as 

bankrupt is relatively higher than for an older firm. This is the situation in the real 

world, as the incidence of failure is higher in a firm’s earlier years. Other commonly 

used ratios are total debt to net worth, total equity to total debt and retain earnings to 

total assets (all these measures use book values).19  

                                                 
18 Return on capital employed is defined as net income plus interest expense over total capital 
employed (measured as the sum of the book value of total debt, preferred stock and ordinary stock). 
19 The retained earnings to total assets ratio is a measure of financial leverage, as firms with high 
retained earnings relative to their assts have financed these assets through retention of earnings and 
have not used as much debt. 
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Solvency: A cash flow variable is selected for analysis to represent solvency 

because its supposed predicted value has been highlighted in accounting and finance 

literature relating to bankruptcy prediction. Previous studies have employed several 

ratios to represent the firm’s ability to cover its debt from its operations. The most 

common measure is cash flow from operations to total liabilities.20 Other measures are 

cash flow from operations to total debt, cash flow from operations to total assets and 

cash flow from operations to current liabilities. 

Activity: To represent the sales-generating ability of the firm, the most 

common measure used by previous studies is the capital-turnover ratio (sales over 

total assets). This ratio indicates the effectiveness of the firm’s use of its asset base 

and represents a measure of management’s capacity to deal with competitive 

conditions. Another common measure of activity is sales over current assets. 

Size: The size of the firm has been identified as a significant factor in 

bankruptcy prediction models, such as Ohlson (1980) and Manzoni (2004). A 

common measure for the size of the firm is the natural log of total assets. 

Governance variables 

Despite the rush to overhaul governance practices in the wake of the collapse 

of several large corporations, academics have not reached a consensus on the link 

between governance and bankruptcy. Early studies of corporate governance focus on 

each specific aspect of governance, such as board composition, shareholder rights, 

executive remuneration, insider ownership and takeover defences, in their 

investigation of the link between governance and firm performance or value. 

However, not all studies agree about what constitutes good governance.  

In this study, individual governance variables will be investigated. This is 

because, as previous research indicates, there is a relationship between bankruptcy 

and governance variables, such as board composition and ownership structure 

(Baysinger and Butler, 1985; Gilson, 1989; Daily and Dalton 1994a; Elloumi and 

Gueyie, 2001; Parker et al., 2002). In this study, board composition will be 

represented by three variables: proportion of outside directors, board size and a 

dummy variable to indicate if  the CEO/managing director is chairman of the board. 

Ownership is represented by seven variables: proportion of shares held by institutional 

                                                 
20 Cash flow from operations is measured as income before extraordinary items (Compustat item 18) 
plus depreciation (Compustat item 14) divided by total liabilities. 
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investors, proportion of shares held by block holders (owners of more than 5% of the 

outstanding shares), proportion of shares held by insiders, proportion of shares held 

by insiders squared (see Morck, Shleifer, and Vishny, 1988 for the reason for the use 

of this variable),  two dummy variables to indicate if a block holder is an insider or an 

outsider, and a dummy variable to indicate if a block holder is an insider and he or she 

is the CEO or chairman of the board. 

Proportion of outside directors: Prior literature suggests that, the greater the 

proportion of outside directors on a board, the closer the board monitors 

management.21 Thus, the proportion of outside directors on the board should be a 

negative relationship, with a firm being likely to go bankrupt if the outcome is 

influenced by agency costs. The proportion of outside directors is defined as the ratio 

of the number of outside directors to the total number of directors.  

Board size: Prior literature suggests that larger boards are less likely to 

monitor managers effectively. Thus, a positive relationship between board size and 

the probability of going bankrupt might be expected.22 The number of directors on a 

firm’s board is used to measure the size of the board. 

CEO/Chairperson: Theorists mostly agree that one individual should not 

simultaneously hold the roles of CEO and chairperson on the board of directors. 

However, empirical literature to support this assumption is limited.23 Hambrick and 

D’Aveni (1992) and Daily and Dalton (1994a,b) report that firms with a CEO who is 

also its chairperson are more likely to be associated with firm bankruptcy. Therefore, 

if the CEO is also the chairperson of the board, this is likely to relate negatively to the 

probability of a firm going bankrupt. There is a dummy variable representing one if a 

firm has a CEO that is also its chairperson, otherwise zero is used to represent the 

CEO/chairperson relationship. 

Proportion of shares held by institutions: Poor financial performance may be 

an indication of ineffective management and, therefore, a need for greater monitoring 

of management. Institutional investors have emerged as a powerful force with which 

to monitor firm management. Institutional holdings have steadily risen over the past 

decades (Davis and Thompson, 1994; Useem, 1993). Previous studies show that 

                                                 
21 For survey literature on boards of directors, see Zahra and Pearce (1989) and Hermalin and Weisbach 
(2001). 
22 See Hermalin and Weisbach (2001). 
23 See Zahra and Pearce (1989) for the theoretical argument and Daily and Dalton (1994a) for empirical 
reviews.  
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institutional investors control more than half of the equity in large firms (see Daily, 

1996). These significant holdings provide institutional holders with the power to 

monitor and influence the governance of a firm. Thus, the lower the proportion of 

shares held by institutional investors, the higher the probability of a firm going 

bankrupt. The proportion of outstanding shares held by institutional investors is used 

to measure the relationship of institutional investors. 

Proportion of shares held by block holders: As with institutional investors, 

large block holdings provide a powerful incentive to align management and 

stakeholders through stronger monitoring incentives. Gilson (1989) and Parker et al. 

(2002) find that relationships exist between block holders and bankruptcy. Thus, 

based on the assumption that there are increases in external monitoring and the added 

incentive alignment between managers and stakeholders, a negative relationship is 

expected between the proportion of shares held by block holders and the probability 

of a firm going bankrupt. The proportion of outstanding shares held by block holders 

is used to measure the relationship of block holders. 

Proportion of shares held by insiders, block holder insider and is the inside 

block holder CEO/chairperson: The higher the proportion of shares held by insiders 

of the firm (directors and management), the higher the motivation of these 

shareholders to act in their own best interest and lower the agency problem, as the 

insiders are the stakeholders and hold private information on the firm. However, La 

Porta, Lopez-de-Silanes and Shleifer (1999), Claessens, Djankov and Klapper (2000) 

and Faccio and Lang (2002) find that the higher the holding of the controlling 

shareholders, the higher the tendency of these shareholders to expropriate minority 

wealth. This view is supported by Lee and Yeh (2004) in assessing financial distress 

and corporate governance in Taiwanese firms. The proportion of outstanding shares 

held by insiders is used to measure the relationship of insiders. Morck, Shleifer, and 

Vishny (1988), among others, find a curvilinear relationship for the proportion of 

insider ownership. They find that firm value initially increases with proportion of 

insider ownership, then declines over an intermediate range and again increases 

beyond a critical ownership level. Therefore, the proportion of insider ownership 

squared will also be investigated. Dummy variables equal to one are used to indicate 

if a block holder is an insider and if that block holder is the CEO or chairperson, 

otherwise zero. 
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4. Summary statistics of the independent variables 

Following the bankruptcy prediction literature, short-term (one year prior to 

bankruptcy) and medium-term (two and three years prior to bankruptcy) models are 

now estimated. This research also estimates a model that uses a combination of data 

one and two years prior to bankruptcy. The summary statistics, therefore, cover the 

three-year period prior to bankruptcy.24 

Table 3 presents the summary statistics for the independent variables. The 

control variables are winsorized at the 98th percentile because of some extreme 

outliers.25 Panel A presents summary statistics for the entire sample (204 bankrupt and 

452 matched firms) and for the sample period (five years of data for the period prior 

to a firm filing for Chapter 11 bankruptcy for a sample of firms that filed for 

bankruptcy between 1995 and 2001). Panel B presents the summary statistics one year 

prior to bankruptcy, and Panel C and Panel D present the summary statistics for two 

years and three years prior to bankruptcy. 

 
[Insert Table 3] 
 
 

Over the entire sample period, the bankrupt firms are less liquid, with a higher 

volatility of liquidity (mean = 0.0937 and standard deviation = 0.55) than the matched 

firms (0.2943 and 0.34). This indicates that the bankrupt firms have less working 

capital in relation to their total assets than the matched firms. Figure 2 summarises the 

mean and medium values for liquidity. This graph demonstrates worsening liquidity 

as bankruptcy approaches, since both the mean and medium value of liquidity for the 

bankrupt firms decreases as bankruptcy approaches. Panels B, C and D of Table 3 

show that bankrupt firms have higher volatility in their liquidity. The closer the period 

to bankruptcy, the larger the difference between the minimum and maximum values. 

[Insert Figure 2] 
 

                                                 
24 All figures of summary statistics cover the period five years prior to bankruptcy. This is done to 
show the approximate deviation points between the bankrupt and matched firms over a longer period. 
25 Winsorizing is a method of averaging that initially replaces the smallest and largest values of a 
probability distribution or sample with the observations closest to them. It is similar to a truncated 
mean. The advantage of the winsorized mean is that it is a useful estimator because it is less sensitive to 
outliers, as it replaces them with less influential values. It is regarded as a robust estimator, as it still 
gives a reasonable estimate of central tendency or mean for almost all statistical models. Winsorizing 
data was first introduced by John Tukey. For more information, see Huber (1981), pages 58–59. 
Winsorizing data have been used in bankruptcy research; examples are Hillegeist, Keating, Cram and 
Lundstedt (2004), Agarwal and Taffler (2007). 
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The bankrupt firms are less profitable over the entire sample period, with 

higher volatility in their profitability (mean = -0.1881 and standard deviation = 0.54) 

than the matched firms (0.0349 and 0.25). This suggests that the bankrupt firms have 

less earnings before interest and tax in relation to their total assets than the matched 

firms. Figure 3 shows the mean and median values for profitability. It supports the 

notion that, on average, healthy (matched) firms have better profitability than 

bankrupt firms, and bankrupt firms become less profitable as they approach 

bankruptcy. Panels B, C and D of Table 3 show that bankrupt firms have a higher 

volatility in their profitability from two years prior to bankruptcy, with the standard 

deviation becoming higher and the spread between the minimum and maximum 

values also increasing. 

[Insert Figure 3] 
 

Panel A demonstrates that, on average, over the entire sample period, bankrupt 

firms have higher leverage and more debt in relation to their total assets (mean = 

0.8605 and standard deviation = 0.85) than do the matched firms (0.5380 and 0.43). 

Figure 4 summarises the mean and median values for leverage. It shows that, on 

average, the matched firms have lower debt in relation to their total assets than 

bankrupt firms, and bankrupt firms’ level of debt increases in relation to total assets 

the closer they are to going bankrupt.  

[Insert Figure 4] 
 

The bankrupt firms have lower solvency, measured as cash flow from 

operation to total liabilities (mean = -0.3279 and standard deviation = 1.21), than the 

matched firms (0.1291 and 0.93). Figure 5 displays the mean and median values of 

solvency and supports the notion that, on average, the matched firms have higher 

values of solvency than the bankrupt firms, and the bankrupt firms’ level of solvency 

decreases the closer the bankrupt firms are to going bankrupt.  

[Insert Figure 5] 
 
 

Over the entire sample period, the bankrupt firms have a mean level for 

activity, measured as sales to total assets, that is lower, but more volatility (mean = 

1.4366 and standard deviation = 0.99) than the matched firms (1.4542 and 0.91). 

Figure 6 summarises the mean and median values for activity. For the period two to 
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five years prior to bankruptcy, the bankrupt firms have lower sales in relation to their 

total assets; however, one year prior to bankruptcy the bankrupt sample has higher 

levels of sales in relation to its total assets. One reason for this may be that bankrupt 

firms have fewer total assets one year prior rather than increasing their sales. This is 

because they could be selling or revaluing assets to prevent bankruptcy (Figure 7 

suggests that firms may be selling/revaluing assets).  

[Insert Figure 6] 
 
 

Over the entire sample period, the bankrupt firms are marginally smaller, 

represented by the natural log of total assets (mean = 3.7186 and standard deviation = 

1.83), than the matched firms (3.9713 and 1.66). Figure 7 summarises the mean and 

medium values for size. As with the matched firms, the bankrupt firms are growing in 

size up until three years prior to bankruptcy, when their growth slows markedly from 

two years prior. This may be due to firms selling assets to generate cash flows to 

service their liabilities to prevent bankruptcy or revaluing assets. 

[Insert Figure 7] 
 
 

The bankrupt firms have, on average, much greater volatility in their five-year 

average earnings per share (mean = 1.85 and standard deviation = 3.12) than the 

matched firms (0.6362 and 0.37). 

Panel A shows that, over the entire sample period, the bankrupt firms have 

similar proportions of outsiders, measured as the proportion of outside directors on the 

board (mean = 0.5996 and standard deviation = 0.20), as the matched firms (0.5949 

and 0.17). This pattern of a similar number of outsider directors on the board between 

the two groups is repeated in the years prior to bankruptcy. 

The bankrupt firms, on average, have similar board sizes, measured by the 

number of total directors (mean = 6.34 and standard deviation = 2.21, entire period), 

as the matched firms (6.73 and 1.92). This pattern is similar between the two groups 

for all of the five years prior to bankruptcy. The main difference in board size relates 

to the maximum and minimum number of directors, with the bankrupt firms having a 

minimum board size of one member (matched minimum is two members), and they 

also have a larger maximum number of members in all years. 

It appears to make little difference to a firm whether the CEO is the 

chairperson. Panel A reports that in 69.8% of bankrupt firms, the CEO is also the 
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chairperson, while this is the case for 65.31% of matched firms. This proportion and 

relationship is similar for all years prior to bankruptcy. 

Over the entire sample period, the bankrupt firms have a lower proportion of 

institutional owners, represented by the proportion of outstanding shares held by 

institutions (mean = 0.138 and standard deviation = 0.18), than do the matched firms 

(0.2493 and 0.22). Figure 8 summarises the mean and median values for institutional 

ownership and shows that institutional ownership levels increase for matched firms 

and decrease for bankrupt firms. 

[Insert Figure 8] 
 
 

Panel A shows that, on average, over the entire sample period, the proportion 

of shares held by block holders (investors with a 5% or larger holding of the 

outstanding shares) is similar for bankrupt firms and matched firms (0.4443, bankrupt 

firms and 0.4479, matched firms). However, Figure 9 displays a different picture. 

Between five and three years prior to bankruptcy, the mean values for the block 

holder variable increase for both groups of firms. Nevertheless, the proportion of 

shares held by block holders starts to decrease two years prior to bankruptcy, while 

block-holder ownership continues to increase for the matched firms. 

[Insert Figure 9] 
 
 

Figure 10 displays the mean and median values for insiders, represented as the 

proportion of outstanding shares held by insiders of the firm (insiders are classified as 

officers of the firm). This graph shows a declining pattern as bankruptcy approaches 

for both groups of firms. 

[Insert Figure 10] 
 
 

Block/side and Block/CEO use dummy variables to indicate if a block holder 

is an insider and if that block holder is the CEO or chairperson of the firm. For the 

entire sample, the matched firms have a lower proportion of block holders who are 

insiders (71% of firms) compared with the bankrupt firms (77% of firms). This 

pattern is repeated for all years, and it appears that insiders’ block holdings are 

reduced in both samples as the firms approach the bankruptcy date. However, of those 

block holders who are insiders, the matched firms have a higher proportion of the 

shares owned by the CEO or chairperson compared with the bankrupt firm. Again, 
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this pattern is repeated for all years. It also appears to diminish, in both samples, as 

the sample firms approach bankruptcy. 

We now turn to the univariate statistics to evaluate if any differences are 

significant. 

Univariate analysis 

Univariate tests are undertaken on the independent variables used to analyse 

the two different groups: matched and bankrupt. The non-parametric Mann-Whitney 

U test is used to test the null hypothesis that the median value for each of the 

independent variables for the bankrupt firms is the same as that of the matched firms. 

The Mann-Whitney U test is a non-parametric test between two independent samples 

(equivalent to an unpaired t-test). Siegel (1956) states that it is the most powerful of 

the non-parametric tests. It evaluates the distribution function of two independent 

samples that may have been drawn from the same population that differ only with 

respect to location in the population. The z-statistic and p-value represent the 

difference in the median values between bankrupt and matched firms.   

A non-parametric test is used, as the independent variables do not meet the 

criteria of a normal distribution under normality tests. This is because the distributions 

are skewed, and outliers may affect the results of testing the mean values. The null 

hypothesis is that the population relative frequency distributions for bankrupt firms 

and matched firms are identical for each of the variables to be tested.  

Three of the independent variables that represent CEO/chairperson (CEO is 

the chairperson), block/side (block holder is an insider) and block/CEO (whether the 

block holder is the CEO or chairperson), use dummy variables representing one or 

zero.  The testing for differences in the medians will not be appropriate for these 

variables. Therefore, the test undertaken for these variables will be a parametric test 

for differences in proportion. The results are displayed in Table 4. 

[Insert Table 4] 

Panel A presents summary statistics for the entire sample (204 bankrupt and 

452 matched firms) and sample period (five years of data for the period prior to a firm 

filing for Chapter 11 bankruptcy for a sample of firms that filed for bankruptcy 

between 1995 and 2001). Panel B presents the summary statistics one year prior to 

bankruptcy, and Panel C and Panel D present the summary statistics for two years and 

three years prior to bankruptcy. 
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As with the mean (Table 3), the median value for the control variables 

displays a similar pattern. Liquidity is higher and remains relatively stable for the 

matched firms, as opposed to the bankrupt firms in every panel of Table 4. This 

difference appears to increase (see Figure 2) as the bankrupt firms approach 

bankruptcy and is significant at a level of 1% in all three years prior to bankruptcy. 

The matched firms are more profitable than the bankrupt firms, and this profitability 

remains stable over the five years prior to the bankruptcy date (see Figure 3). The 

difference between the bankrupt firms and the matched firms is significant at a 1% 

level in prior years one, two and three.  The bankrupt firms have a significantly (at a 

1% level of significance) higher leverage and lower solvency than the matched firms, 

with the median values increasing for leverage and decreasing for solvency as 

bankruptcy increases. Activity, measured as sales over total assets, is the only control 

variable that is not significantly different between the median values for the two 

groups. In Figure 7, the median values for the bankrupt and matched firms are similar 

five years prior to bankruptcy. However, the bankrupt firms are smaller in the 

preceding three periods prior to bankruptcy than the matched firms, and this 

difference is significant at a 1% level for all three periods (with the z-statistic 

becoming larger the closer the firm gets to bankruptcy). There is a significant 

difference in the median values for the volatility in earnings per share between the 

bankrupt firms and the matched firms. The bankrupt firms’ earnings are significantly 

more volatile than those of the matched firms for the sample period. 

In Table 4, the median values for the governance variables display similar 

patterns as the mean values in Table 3. The results for the board composition variables 

are that the median value for outsider, the proportion of outside director, is higher in 

all panels for the bankrupt firms. This indicates that they have more outside directors 

than the matched firms. However, this difference is only significant (at a 5% level) 

two years prior to bankruptcy. This finding is in contrast to the previous literature, 

which finds that firms that are considered to be going or are bankrupt have lower 

levels of outside directors than healthy firms. The bankrupt firms have significantly 

less total number of directors (board size) than the matched firms in all panels of 

Table 4. The third variable, CEO/chair, is a dummy variable that represents one if the 

firm’s CEO is also the chairperson of the board of directors. The results of the 

proportional test indicate that there is a significant difference for the entire sample 
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(Panel A). However, this difference in proportions is not significant in any of the three 

years prior to bankruptcy. 

Five variables are used to represent the ownership characteristics of the firms. 

The first variable, institution, is the proportion of shares held by institutional owners. 

Table 4 shows that, in every panel, there is a significant (1% level in all panels) 

difference in the institutional ownership levels between the bankrupt and matched 

firms. The bankrupt firms have lower levels of institutional investors as the proportion 

of institution investors median values decreases as a firm nears bankruptcy, while the 

proportion grows for the matched firms. This is a similar result to the mean values 

from Table 3. The second variable, block, is the proportion of shares held by block 

holders. Over the entire five-year period, there is no significant difference between the 

two groups for the proportion of shares held by block holders. Similar to the mean 

values (Table 3), the medium values for the bankrupt firms increase between prior 

years five and three but then decrease for the two years prior to bankruptcy (see 

Figure 9). However, the median value for the matched firms remains relatively stable 

in the five years prior to bankruptcy. The third variable, insider, is the proportion of 

shares held by insiders of the firm and decreases for both groups of firms in the five 

years prior to the bankruptcy date. There is a significant difference in the proportion 

of shares held by insiders for the two groups. The bankrupt firms have a significantly 

lower number of shares held by insiders, and this difference becomes larger the closer 

the bankrupt firms get to declaring bankruptcy.  

Two dummy variables are used to represent the ownership structure of the 

firms. As with the other dummy variable, the difference between proportions is 

undertaken to test these two variables. The first, block/side, is a dummy variable that 

represents one if a block holder of the firm is an insider, and zero otherwise. Panel A 

shows that the bankrupt firms have a higher proportion of block holders who are 

insiders of the firms, and this difference in proportions is significant for the entire 

five-year period. However, over the three-year period prior to a firm declaring 

bankruptcy, only in the period two years prior to bankruptcy is the difference between 

the bankrupt firms significant. The second dummy variable, block/CEO, has the value 

of one if the block holder is the CEO or chairperson of the firm, and zero otherwise. 

The bankrupt firms have a lower proportion of block holders who are also the CEO or 

chairperson of the firms, and this difference in proportions is significant for the entire 
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five-year period. However, there is no significant difference between the bankrupt and 

matched firms for the period three years prior to bankruptcy. 

In summary, the bankrupt firms are less liquid, less profitable, have higher 

leverage, are less solvent, smaller in size and have higher volatility in their earnings 

per share than the matched firms. The differences are significant in most cases for the 

periods one, two and three years prior to bankruptcy. In most cases, this difference 

becomes greater between the two groups as bankruptcy approaches. The bankrupt 

firms have a significantly lower total number of directors on the boards and a lower 

proportion of institutional and inside investors. The other governance variables 

present mixed results, and the differences are not significant.  

Correlation matrix of variables 

Table 5 presents the correlation matrix for the independent variables. It clearly 

shows that some of the control variables are correlated with others. Some previous 

research has eliminated ratios and variables that are highly correlated, as they may not 

add any new information. However, this research leaves in all variables, as it aims to 

assess the predicted ability of adding corporate governance variables not control 

variables. 

[Insert Table 5] 

5. Results 

Estimated coefficients 

The specification of a bankruptcy prediction model implicitly assumes that the 

event of bankruptcy is directly connected to the quality of a firm’s financial 

statements. If the figures are sufficiently bad, we expect the firm to go bankrupt. The 

Logit model uses the coefficients of independent variables to predict the probability of 

occurrence of a dichotomous dependent variable. In the context of bankruptcy 

prediction, the technique weighs the financial ratios and creates a score for each 

company so it can be classified as either bankrupt or healthy.  

As with previous research, the Logit model is first fitted to a group of 

randomly selected firms considered bankrupt and their matched firms. The Logit 

estimates the coefficients from this group, then fits the coefficients to a second or 

hold-out sample of bankrupt and matched firms to estimate the probability that a firm 

will go bankrupt. The sample of bankrupt firms is randomly divided into two even 

groups. For this analysis, half (102) of the bankrupt firms are used in the estimation 
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with their matched firms, and the other 102 bankrupt firms and their matched firms 

are used in the prediction sample. The first part of the analysis examines the 

individual corporate governance variables, while the second part examines models 

with combinations of the corporate governance variables. 

 For the first part of the analysis, Table 6 displays the results of the estimate 

coefficients and indicates the significance of each of the individual variables in 

predicting bankruptcy.26 Panel A provides the results one year prior to bankruptcy, 

Panel B two years prior, Panel C three years prior and Panel D provides the 

coefficients using prior years one and two in the estimation period. Also presented in 

Table 6 are the goodness of fit measures for the Logit model given by the Likelihood 

Ratio and a Pseudo R2 statistic.   

The first column of each panel shows the estimated coefficients for the control 

variable model. One year prior to bankruptcy, as shown in Panel A, the control 

variable estimates all display their expected signs. The leverage coefficient is found to 

have a significant (at a 1% level) and positive impact on the probability of 

bankruptcy, as bankrupt firms are expected to have greater financial leverage than 

their matched (healthy) counterparts, since the high fixed loan interest payments are 

usually a forerunner to bankruptcy. This result is consistent with previous studies (as 

well as capital structure and trade-off theories), indicating that there is a positive 

relationship between the probability of bankruptcy and a firm’s debt, as the capital 

structure affects its ability to access external sources of capital. The activity variable 

is found to be negative and significant (at a 10% level). The negative sign indicates 

that firms with high sales have a lower probability of bankruptcy. This finding is 

consistent with previous studies, such as Altman (1968). The earnings per share 

volatility (EPS Vol) variable is positive and highly significant (at a 1% level). This 

finding indicates that firms with a higher volatility in their earnings have a higher 

probability of bankruptcy. This is consistent with cash flow and agency theories, as 

firms that are able to generate cash flows and cover their obligations will decrease 

their probability of bankruptcy. The coefficients for liquidity, profitability, solvency 

and size are negative but not significant. 

The first corporate governance variable added is the outsider variable 

(proportion of outside directors on the board of directors). The outsider variable has a 

                                                 
26 The estimated coefficients of the industry variables are displayed in Appendix I. 
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negative, but not significant, coefficient. This indicates that one year prior to 

bankruptcy, bankrupt firms have a lower, but not significantly lower, number of 

outside directors on the board. There is no change to the sign or the significance of the 

control variables coefficients.  

When the board size variable is added, its coefficient is negative and 

significant (5% level). This shows that firms with smaller boards of directors have a 

higher probability of entering bankruptcy. The only change to the control variable is 

the solvency coefficient, which becomes significant at a 10% level. This is consistent 

with cash flow theory.  

The coefficients for the institution (proportion of shares held by institutional 

investors) and insider (proportion of shares held by insiders of the firms) are negative 

and significant (at a 1% level). This result is consistent with agency theory and 

indicates that firms with lower institutional or insider ownership have fewer 

monitoring agents, which leads to a higher probability of bankruptcy. The only 

change to the control variables for either analysis is that the activity coefficient 

becomes more significant (at a 5% level) than the other coefficient results in the other 

Logit models. 

In the model using insider and insider2, the coefficients for these variables are 

not significant. In the other models, the coefficients for the CEO/chair variable 

(dummy variable representing one if the CEO is also the chairperson of the board), ∆ 

institutional (change in the proportion of shares held by institutional investors), block 

(proportion of shares held by block holders) and block/CEO (a dummy variable 

representing one if the block holder is the CEO or chairperson of the firm) are 

negative, but not significant, and the coefficient for block/side (a dummy variable 

representing one if the block holder is an insider of the firm) is positive and not 

significant. There is no change to the sign or the significance of the control variables 

coefficients.  

The results for two years prior to bankruptcy, as shown in Panel B, report that 

the control variable coefficients have the correct directional signs. However, what 

differs most for these results is the significance of some of the coefficients. From this 

sample, it appears that firms display more significant signs of bankruptcy than one 

year prior to bankruptcy. The liquidity coefficient is significant at a 10% level in the 

model, including the insider variable. The estimated profitability coefficient is 

significant at a 5% level in all models. This is consistent with cash flow theory. 
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However, the leverage is less significant two years prior to bankruptcy (5% level two 

years and 1% one year prior). Solvency is now significant (at a 10% level), and the 

activity coefficient is no longer significant in all models. Size remains non-significant, 

and EPS Vol remains significant at the 1% level. 

Some of the corporate governance variables coefficients differ in sign: 

outsider, CEO/chair and block/CEO. However, none of these coefficients is 

significant. The institutional coefficient remains significant at a 1% level and is joined 

by the insider coefficient. Other changes are the board size coefficient in the model 

incorporating board size, which is significant at the 5% level, and the insider 

coefficient in the model incorporating insider and insider2, which is significant at the 

10% level. 

Three years prior to bankruptcy, profitability, leverage and EPS Vol are all 

significant in estimating bankruptcy in all of the models, the control variable model 

and the models incorporating the individual corporate governance variables. Of the 

governance variables, board size and institution are the only significant variables and 

retain the same sign as years one and two prior to bankruptcy.  

As some of the coefficients for the control variables are significant two years 

prior to bankruptcy and are not significant one year prior to bankruptcy, this research 

combines these years to evaluate the predictive power of combining these years. The 

results are shown in Panel D of Table 6. All control variable coefficients have the 

correct signs, and the only control variable that is not significant in all models is 

liquidity (size is significant in models using variables block, insider and insider2). The 

corporate governance variables that are significant are board size, institution and 

insider in both the model with only the insider variable and in the model incorporating 

insider2 variable. 

In summary, the control variables that are significant in predicting bankruptcy 

are profitability, leverage solvency, activity and EPS Vol. Corporate governance 

variables that are significant in predicting bankruptcy are board size, institution and 

insider. 

For the second part of the analysis, Table 7 displays the results of the estimate 

coefficients and indicates the significance of each of the individual variables in 

predicting bankruptcy as well as the goodness of fit measures for the Logit model 
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given by the Likelihood Ratio and a Pseudo R2 statistic.27 The first column shows the 

estimated coefficients for the control variable model from Table 6. Model 1 contains 

all variables except ∆ institution and insider2, model 2 has the insider2 variable added, 

while model 3 has the ∆ institution variable added and the insider2 variable removed 

and, finally, model 4 includes all variables. 

In Panel A, the estimated coefficients for one year prior to bankruptcy, all 

models show that all control variables have the expected signs. All models show that 

leverage, activity, EPS Vol, board size, institution and insider are all significant in 

estimating bankruptcy. These variables are all significant in the individual results 

from Table 6. 

Two years prior to bankruptcy, Panel B, liquidity, profitability, solvency, EPS 

Vol, institution, insider and block/side are all significant in estimating bankruptcy in 

all models. Insider2 is also significant in the models when used. All control variables 

display the expected directional sign. Panel C, three years prior to bankruptcy, shows 

that profitability, EPS Vol, board size and institution are all significant. In Panel D, 

one and two years prior to bankruptcy combined show that profitability, leverage, 

solvency, activity EPS Vol, board size, institution, insider, insider2 and block/side are 

all significant in estimating bankruptcy. 

Goodness of fit 

The goodness of fit measures for the Logit model given by the Likelihood 

Ratio (LR) statistic and pseudo R2 are presented in Table 6. For the control variable 

model in Panel A, the pseudo R2 is about 36%, while the LR statistic is equal to 

144.71 and is statistically significant in the corresponding asymptotic Chi-squared 

distribution at the 1% level. Adding each individual governance variable raises both 

measures in all models. The model with the highest LR and pseudo R2 is the model 

including the institution variables. By adding one more variable, this model increases 

its goodness of fit measures by 9.46% over the original model. The next best models 

are the models containing both the insider and insider2 variables (5.16% increase) 

followed by the model with the insider variable (4.98%) and the model including 

board size (4.37%).  

In Panel B, the LR statistic and pseudo R2 for the control variable model are 

127.75 and 31%, respectively. Again, all of the models containing the individual 

                                                 
27 The estimated coefficients of the industry variables are displayed in Appendix I. 
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governance variables are better than the original control variable model. The model 

containing the institution variable is the model of best fit, as its LR and pseudo R2 

measures are 6.41% better than the control model. Again, the model containing both 

the insider and insider2 variables is second, with a 4.24% increase in the goodness of 

fit measures. 

In Panel C, the LR statistic and pseudo R2 for the control variable model are 

92.88 and 23%, respectively. Again, the model containing the institution variable is 

the model of best fit, as its LR and pseudo R2 measures are 5.83% better than the 

control model. The model containing the board size variable is the second best model, 

with a 4.61% increase in the goodness of fit measures. 

The LR statistic and pseudo R2 are 266.25 and 32.68%, respectively, for the 

model using both one and two years prior to bankruptcy (Panel D). The model 

containing the institution variable is the model of best fit, as its LR and pseudo R2 

measures are 8.02% better than the control variable model. As with Panel A and Panel 

B, the model containing both the insider and insider2 variables is second, with a 

4.13% increase in the goodness of fit measures. 

In summary, the model containing the institution variable reports the best 

goodness of fit measures in all panels of the Logit model. The next best model would 

be the model containing both the insider and insider2 variables. Other models that may 

have a high possibility of being the best models are the models containing the board 

size variables and the insider variable. However, it is left to the predictive power of 

the test to assess which, if any, of the variables provide a more accurate predictor of 

bankruptcy. 

The goodness of fit results for the combined models are presented in Table 7. 

One year prior to bankruptcy (Panel A), model 2 and model 4 have the highest LR 

statistic (183.26 for both) and pseudo R2 (about 45%). This is an increase of 26.64% 

over the control variable model. Two years prior to bankruptcy (Panel B), model 2 has 

the highest LR statistic (156.09) and pseudo R2 (38%). This is a 22.18% increase over 

the control variable models’ goodness of fit results. Panel C shows that three years 

prior to bankruptcy, model 4 has the best fit. Panel D shows that model 2 has the best 

fit, with the pseudo R2 and LR statistic being the highest, and it has a 22.09% increase 

over the control variable model. 
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Predictive power of model 

In evaluating the explanatory power of the model, two types of prediction 

errors are defined. An error Type I occurs when the firm is predicted to be bankrupt, 

but the outcome is non-bankrupt. An error Type II occurs when the firm is predicted 

not to be bankrupt, but the outcome is that the firm is bankrupt. The prediction model 

is first run with only the control variables. After that, each of the corporate 

governance variables is analysed individually, and, lastly, the analysis is undertaken 

with a full model incorporating all of the corporate governance variables.  The result 

from the model using only the control variables is the base or comparison model for 

the other tests. Table 8 displays the predictive success of the Logit model for bankrupt 

and non-bankrupt firms and the two types of errors for the individual corporate 

governance variables, while Table 9 shows the results for the combined models.28 

Panel A provides the results one year prior to bankruptcy, Panel B two years prior, 

Panel C three years prior and Panel D provides the predictive success using prior 

years one and two in the estimation period. 

[Insert Table 8] 

The first column of Table 8 provides the results for the control variables only. 

The results one year prior to bankruptcy (Panel A) show that, with only the control 

variables, the Logit model correctly predicts 267 of the 327 firms (81.65%). For the 

incorrectly predicted firms, the error Type I for the bankrupt firms is 35.29% (or 36 of 

the 102) firms compared with the error Type II of 10.67% (24 of the 225) for non-

bankrupt firms. Two years prior to bankruptcy, the Logit model also correctly predicts 

267 of the 327 firms; however, there is a difference in the error Type I and Type II. 

Using the data two years prior to bankruptcy, the error Type I is higher at 44.12% (45 

firms) than one year prior; consequently, the error Type II is lower at 6.67% (15 

firms). This result is in line with the previous finding, indicating that the further from 

bankruptcy a firm is, the less accurate is the prediction model. More support for this 

exists if we look at the results for the prediction model using the estimation period 

three years prior to bankruptcy, with only 79.82% of the firms providing correct 

predictions. Using the combined prior year’s one and two as the estimation period 

results in a small increase in the number of correct predictions: 82.26% compared 

                                                 
28 There are four combined models used in the analysis. Model 1 does not include change in the 
proportion of shares held by institutions (∆ institution) and the proportion of shares held by insiders 
squared (insider2). Model 2 does not include ∆ institution, while model 3 does not include insider2. 
Model 4 includes all variables. 
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with 81.65% for one year prior to bankruptcy. However, the error Type I is higher at 

37.25% (38 of the 102 bankrupt firms) compared with 35.29% (36 of the 102) for the 

one year prior to bankruptcy model. The error Type II is lower at 8.89% (20 of the 

225 non-bankrupt firms), with 10.67% (24 of the 225) for the one year prior to 

bankruptcy model. This suggests that by combining prior years one and two, the 

estimation model is better at predicting non-bankrupt firms over bankrupt firms. 

Panel A of Table 8 shows that the number of outsiders is the only individual 

governance variable that does not increase the number of correct predictions from the 

control variable model. The proportion of shares held by insiders of the firm (insider) 

is the variable that provides the highest number of correct predictions (273); this is six 

more correct predictions than the control model and two more than the second best 

variable, insider variable squared (insider2), and four more than the next best variable. 

There are improvements in the error Type I (31.37% error rate compared with 35.29% 

for the control model) and error Type II (9.78% compared with 10.67%), with the 

addition of the inside variable. This equates to four more bankrupt firms (total of 70 

correct) and two more non-bankrupt firms (total of 203 correct) being correctly 

classified. In Panels B, C and D, the insider variable has the highest number of correct 

predictions.  The insider variable model, as with other individual variables, has 

equally the same number of correct predictions in these other panels.  

Panel B inside is joined by the proportion of shares held by both the 

institutional investors (institution) and the block holders (block) as well as the dummy 

variable representing if a block holder is the CEO or chairperson (block/CEO). 

However, these models only correctly predict one more firm than the control model. 

These variables do vary in their error Type I and II. Two years prior to bankruptcy, 

the model with the institution variable has the lowest error Type I (40.2%), indicating 

that this model is the best at predicting bankrupt firms for this period. The model 

using insider and block/CEO is second equal (43.14%), and the model with block has 

the same error Type I as the control model but is better at predicting non-bankrupt 

firms than the control variable model. 

Three years prior to bankruptcy, Panel C, insider and institution provide the 

highest number of correct predictions (263 each); however, this is only two better than 

the base model. Of these two, the insider variable model has the lowest error Type I 
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(41.18%), indicating that it is a better model at predicting bankrupt firms than the 

institution variable model (43.14%).29 

The result in Panel D, using the data from the one and two years prior to 

bankruptcy model for the estimation period, is better than Panel B and C but is not as 

accurate as the model one year prior to bankruptcy. Again, the model using the insider 

variable is the most accurate; however, the gain is only in one more firm correctly 

predicted when compared with the control variable model, and this firm is a non-

bankrupt firm.30 

To check the robustness of the results, the estimation and prediction sample 

are directly interchanged, and the sample is divided in half in different ways. The 

results are similar, with the best model being the model that includes the insider 

variable, which is more accurate than the control variable model, and in all cases the 

most accurate model.31 

There are four combined models used in the analysis. Table 9 shows the 

results from these combined models, which use all of the combined variables. Model 

1 does not include a change in the proportion of shares held by institutions (∆ 

institution) and the proportion of shares held by insiders of the firm squared (insider2). 

Model 2 does not include ∆ institution, while model 3 does not include insider2. 

Model 4 includes all variables. 

[Insert Table 9] 

Model 2, which includes all variables except ∆ institution, appears to be the 

best model, as it has the highest number of correct predictions in all four panels. This 

model also has the highest number of correct predictions of any of the predictive 

models used. One year prior to bankruptcy, model 2 correctly predicts 276 of the 327 

firms, compared with 267 using the control variable model and 273 firms for the next 

best model (i.e., the full model with all the variables and the model with only the 

insider variable added, respectively). The error Type I in model 2 is the lowest of any 

of the models, with 29.41% (30 bankrupt firms incorrectly predicted as good firms, 

compared with 36 for the control variable model and 31 for the next best model). This 

                                                 
29 The institution variable model has the same error Type I as the control variable model, indicating that 
this model is better at predicting non-bankrupt firms. 
30 The model using the board size variable has the same number of correct predictions as the insider 
model; however, it has a higher error Type I. This indicates it is better at predicting non-bankrupt firms. 
31 Results are not included but can be made available on request to the author. 
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indicates that one year prior to bankruptcy, a model including the entire corporate 

governance variables, except ∆ institution, is the most accurate. 

In Panel B and C, model 2 and model 4 (the all-variables model) are the most 

correct and have the same number of correct predictions (Panel B, 58 firms compared 

with 60 for the control variable model, and, in Panel C, 60 firms compared with 66 for 

the control-variable model). However, in Panel B, model 4 has the lowest error Type 

I, with 35.29% (36 firms) compared with 37.25% (38 firms) incorrectly predicted in 

model 2 (the control variable model has an error Type I of 44.12%, 45 firms). In Panel 

C, this result is reversed, with model 2 having the lowest error Type I, 36.27% (37 

firms) compared with 38.25% (38 firms) for model 4 (control-variable model error 

Type I is 43.14%, 44 firms). 

The result in Panel D, using the data from one and two years prior to 

bankruptcy in the estimation period, is better than Panel B and C but is not as accurate 

as the model one year prior to bankruptcy. Again, model 2 is the most accurate, with 

272 correct predictions and an error Type I of 34.31% or 35 firms. 

Robustness checks 

To check the robustness of the results, this study evaluated the results first, by 

using different data samples, and, second, by changing the choice of the financial 

ratios that represent the control variables. 

 The estimation and prediction sample are directly interchanged, and the 

sample is divided randomly in half in different ways. The results are similar to those 

above with model 2, including the insider and insider2 variables being the most 

accurate. Various other estimation and prediction periods were tested. These included 

in-sample and out-of-sample testing.32 The results are similar to the above results with 

variables board size, institution and insider being significant in most estimation 

periods one year prior to bankruptcy, as well as block/side being significant in the 

smaller samples. What was most interesting was the predicted power and accuracy of 

the different samples. The larger the sample used, the more accurate the prediction 

                                                 
32 These tests included using one year as the estimation period and the following year as the prediction 
period( an example is using firms from 1995 as the estimation period and firms from 1996 as the 
prediction sample) as well as in-sample testing the entire period and in-sample testing year by year. 
From the choice of testing period there are many differences in the testing sample size these include 
large samples and samples as small as 24 firms in the estimation period and another sample has eight 
firms in the prediction period. 
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model. Aziz and Dar (2003), amongst others, have commented on the predictive 

accuracy of models with small samples. 

The second robustness check is to evaluate the effects on the results of the 

choice of the financial ratios used in the control sample. In achieving this, financial 

ratios of the six main control variables are changed and the power and accuracy of the 

model is evaluated. Using different financial ratios did change the significance of 

some of the control variables but did not change the results or significance of the 

corporate governance variables. The prediction results are similar to that above, with 

the larger sample sizes being the most accurate and the two most accurate models 

being the models that incorporate the insider variables. These results can be obtained 

from the author on request. 

6. Conclusion 

Prior literature has studied the effects of corporate governance structures on 

firm performance, but little attention has been given to the effect corporate 

governance structures has on firm bankruptcy. Using a sample of firms from 1995 

through 2001, this research has evaluated the effect of selected features of a firm’s 

governance environment on its probability of becoming bankrupt. Using the Logit 

model, this study finds evidence for the following conclusions. 

First, one year prior to bankruptcy, the evidence suggests that bankrupt firms 

have a significantly smaller number of directors on the board and a lower proportion 

of shares held by institutional investors and insiders of the firms. This pattern is 

repeated two and three years prior to bankruptcy; however, these variables become 

less significant.  

Second, one year prior to bankruptcy, this study finds that, of the selected 

corporate governance variables, the proportion of shares held by insiders added to the 

usual financial ratios increases the predictive power, as measured by the increase in 

the Likelihood ratio statistic and pseudo R2 (4.98%).33 It increased the accuracy, 

number of correct predictions (84% compared with 81.62% for the control variable 

model) and has the lowest number of errors Type I and II (31.37%  and 9.78% 

compared with 35.29% and 10.67% for the control variable model) of a bankruptcy 

                                                 
33 The model with the highest increase in the Likelihood ratio statistic and pseudo R2 (9.46% increase)  
is the model incorporating the institution variable; however, this result does not transfer into the highest 
accuracy of the model. 
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prediction model. There is very little difference in the predictive accuracy of the 

model two and three years prior to bankruptcy.  

Third, a model incorporating the entire corporate governance variable used, 

except the change in the proportion of share held by institution investors, provides the 

most accurate prediction model with the highest number of correct prediction(84.9%)  

and the lowest error rate (29.41% and 9.33%). This model is also more accurate than 

any other model two and three years prior to bankruptcy.  
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Table 1. Number of Bankrupt Firms 
The first line of this table displays the number of firms that have declared bankruptcy from the period 1995 until 2001. The second line displays the number of bankrupt firms 
for which Corporate Governance data was obtained. The third line displays the percentage of firms with data from original list. The fourth line displays the mean total assets in 
$millions for the bankrupt firms for the period five years prior to bankruptcy. The fifth line displays the number of matched (firms considered healthy) for the same period that 
are used in the analysis. The sixth line displays the mean total assets in $millions for the matched (non-bankrupt) firms for the period five years prior to bankruptcy. The list of 
bankrupt firms is obtained from the Altman-NYU Salomon Center bankruptcy list at the University of Otago. The information for the Corporate Governance data are obtained 
from "SEC Compact Disclosure" database at the University of Otago. Non-bankrupt firms have been matched by four digits SIC and by size (represented by total assets). 

Year Total 1995 1996 1997 1998 1999 2000 2001 

Number of bankrupt firms 389 117 37 66 81 73 10 5 

Number of firms with CG data 204 50 24 32 46 41 8 3 

Percent of bankrupt firms 52.4% 42.7% 64.9% 48.5% 56.8% 56.2% 80.0% 60.0% 

Mean t=-5 Total Assets, bankrupt firms 169.77 89.64 70.58 130.2 178.14 167.63 108.37 153.07 

Number of matched firms 452 112 49 66 103 88 23 11 

Mean t=-5 Total Assets, matched firms 162.01 91.77 63.28 78.46 135.64 188.51 98.35 82.94 

Total number of firms 656 162 73 98 149 129 31 14 

 
 

Table 2. Industry Code Construction 
The following table provides the SIC codes corresponding to their industry classification for the bankrupt and matched (healthy) firms during the sample period 1995–2001. For each of the industries, the number of 
bankrupt and matched firms is shown, along with the percentages of the sample. The last column provides information on the number of bankrupt firms that have only one match. The classification of industries is 
used by Chava and Jarrow (2004). The list of bankrupt firms is from the Altman-NYU Solomon Center bankruptcy list.  

IND 
Code SIC Code Industry Name 

# of 
bankruptcies 

% of 
bankruptcies # of healthy  

% of 
healthy 

# of firms with 
one match 

1 1000 to less than 1500 Mineral Industries 5 2.45% 16 3.54% 0 

2 1500 to less than 1800 Construction Industries 4 1.96% 11 2.43% 0 

3 2000 to less than 4000 Manufacturing 83 40.69% 212 46.90% 8 

4 4000 to less than 5000 Transportation, Communication & Utilities 18 8.82% 35 7.74% 5 

5 5000 to less than 5200 Wholesale Trades 12 5.88% 19 4.20% 5 

6 5200 to less than 6000 Retail Trade 42 20.59% 80 17.70% 9 

7 6000 to less than 6800 Finance, Insurance and Real estate 7 3.43% 13 2.88% 1 

8 7000 to less than 9000 Service Industries 30 14.71% 61 13.50% 4 

9 9000 to less than 9999 Public Administration 3 1.47% 5 1.11% 1 

  Totals 204 100% 452 100% 33 
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Table 3. Summary Statistics 
This table reports the summary statistics for the control variables that have been identified as the most appropriate variables used in bankruptcy predictions from previous research and 
eight corporate governance variables for a sample 204 US firms that have filed for bankruptcy between 1995 and 2001 and 452 matched US firms. Liquidity is measured as working 
capital divided by total assets; profitability is measured as earnings before interest and tax over total assets; leverage is measured as total debt over total assets; solvency is measured as 
cash flow from operations divided by total liabilities; activity is measured as total sales divided by total assets; size is defined as the natural log of total assets; EPS Vol is defined as the 
five-year average of earnings per share volatility; outsider is defined as the proportion of outside directors of the total directors on the board; board size is measured as the total number of 
directors on the board; CEO/chair is represented by a dummy variable representing one if the CEO is also the chairperson of the board; institution is defined as the proportion of shares 
outstanding held by institutional investors; block is measured as the proportion of outstanding shares held by shareholders with a 5% or larger holding of the outstanding shares; insider is 
measured as the proportion of shares held by the insiders of the firms (insider is classified as a director or officer of the firm); block/side is a dummy representing one if the block holder 
is an insider and block/CEO is a dummy variable represented by one if the block holder is an insider and that insider is the CEO or chairperson. Panel A reports the summary statistics for 
the total sample of firms. Panel B reports the summary statistics one year before bankruptcy. Panel C reports the summary statistics two years prior to bankruptcy. Panel D reports the 
summary statistics for three years prior to bankruptcy. 

 Bankrupt firms  Matched firms 

Sample size 1020 2260 

Panel A: Total sample of firms 

 Mean  Std. Dev Median Min Max Mean  Std. Dev Median Min Max 

Liquidity 0.0011 2.2930 0.1503 -67.5714 4.4389 0.2849 0.5228 0.3078 -16.8951 2.3917 

Profitability -0.2440 1.3481 -0.0259 -30.0476 0.7545 0.0144 0.5255 0.0766 -16.4307 0.7550 

Leverage 1.0184 4.037 0.7029 0.02 120.1429 0.5313 0.7426 0.4782 0.00 22.8052 

Solvency -0.3445 1.4587 -0.0341 -28.4429 11.9386 0.0954 1.2676 0.1670 -22.3533 11.2594 

Activity 1.4739 1.1289 1.3399 -0.9298 12.8382 1.4542 0.9120 1.3501 0.0000 6.5923 

Size 3.7186 1.8278 3.7252 -4.0745 8.4049 3.9713 1.6549 4.0629 -2.0636 8.1228 

Outsiders 0.5996 0.1958 0.6250 0.0000 1.0000 0.5949 0.1719 0.6000 0.0000 0.9231 

EPS Vol 2.3992 8.4745 0.9033 11.7552 0.0264 0.6362 1.0208 0.3695 14.7132 0.0002 

Board size 6.3402 2.2056 6 1.0000 18.0000 6.7336 1.9232 7 1.0000 14.0000 

CEO/Chair 0.6980 0.4593 1 0.0000 1.0000 0.6531 0.4761 1 0.0000 1.0000 

Institution 0.1638 0.1827 0.0917 0.0000 0.9999 0.2493 0.2280 0.1722 0.0000 0.9503 

Block 0.4443 0.2957 0.4220 0.0000 0.9999 0.4479 0.2456 0.4270 0.0000 0.9999 

Insider 0.2784 0.2559 0.1998 0.0000 0.9999 0.3084 0.2333 0.2567 0.0000 0.9999 

Block/side 0.7706 0.4207 1 0.0000 1.0000 0.7097 0.4540 1 0.0000 1.0000 

Block/CEO 0.5775 0.4942 1 0.0000 1.0000 0.6155 0.4866 1 0.0000 1.0000 

   
 
 
 
   
   

1189



  

Sample size Number of Bankrupt firms, 204  Number of matched firms, 452 

Panel B: One year prior to bankruptcy 

 Mean  Std. Dev Median Min Max Mean  Std. Dev Median Min Max 

Liquidity -0.4955 4.7988 0.0069 -67.5714 1.6159 0.2795 0.2952 0.2956 -0.9893 1.9513 

Profitability -0.5659 2.3027 -0.1289 -30.0476 0.7545 0.01887 0.3105 0.0699 -4.3947 0.5894 

Leverage 1.8559 8.4471 0.8992 0.2514 120.1429 0.5094 0.2834 0.4887 0.0000 2.3131 

Solvency -0.4421 0.8999 -0.2016 -8.6054 0.6114 0.0983 1.2404 0.1524 -17.6017 11.2594 

Activity 1.7312 1.5219 1.4621 -0.9298 12.8382 1.4471 0.8704 1.3461 0.0000 4.8259 

Size 3.6331 1.9426 3.7203 -4.0745 8.3818 4.2883 1.6329 4.3906 -1.5371 8.1228 

Outsiders 0.6145 0.2047 0.6667 0.0000 1.0000 0.6131 0.1527 0.6250 0.0000 0.9091 

EPS Vol 2.3992 8.4745 0.9033 11.7552 0.0264 0.6362 1.0208 0.3695 14.7132 0.0002 

Board size 6.2991 2.4382 6 1.0000 18.0000 6.8606 1.8311 7 2.0000 13.0000 

CEO/Chair 0.6667 0.4726 1 0.0000 1.0000 0.6327 0.4826 1 0.0000 1.0000 

Institution 0.1404 0.1748 0.0727 0.0000 0.9628 0.2799 0.2439 0.2003 0.0000 0.9503 

Block 0.4344 0.2976 0.4017 0.0000 0.9999 0.4582 0.2428 0.4304 0.0000 0.9999 

Insider 0.2189 0.2294 0.1422 0.0000 0.9999 0.2763 0.2144 0.2251 0.0000 0.9999 

Block/side 0.7157 0.4522 1 0.0000 1.0000 0.6881 0.4638 1 0.0000 1.0000 

Block/CEO 0.5245 0.5006 1 0.0000 1.0000 0.5907 0.4922 1 0.0000 1.0000 

 

 Bankrupt firms  Matched firms 

Panel C: Two years prior to bankruptcy  

 Mean  Std. Dev Median Min Max Mean  Std. Dev Median Min Max 

Liquidity -0.0113 1.4386 0.1221 -19.0816 1.1789 0.2842 0.4762 0.3048 -6.6636 1.5117 

Profitability -0.2992 1.7258 -0.0423 -23.9796 0.2416 0.0183 0.3682 0.0769 -5.8824 0.7550 

Leverage 1.0370 2.8310 0.7479 0.0287 39.9592 0.5018 0.4022 0.4686 0.0000 6.5699 

Solvency -0.4650 2.1626 -0.0598 -28.4429 0.8583 0.1297 0.9205 0.1652 -7.6587 9.1902 

Activity 1.4363 1.0270 1.2363 0.0000 6.0047 1.4534 0.9081 1.3307 0.0000 6.0887 

Size 3.8758 1.8260 3.9026 -3.5066 8.4049 4.1529 1.6267 4.2505 -1.4828 7.8799 

EPS Vol 2.3992 8.4745 0.9033 11.7552 0.0264 0.6362 1.0208 0.3695 14.7132 0.0002 

Outsiders 0.6235 0.1908 0.6667 0.0000 1.0000 0.6051 0.1545 0.6250 0.0000 0.9091 

Board size 6.3431 2.1927 6 1.0000 18.0000 6.7500 1.8411 7 2.0000 13.0000 

CEO/Chair 0.6765 0.4690 1 0.0000 1.0000 0.6394 0.4807 1 0.0000 1.0000 

Institution 0.1630 0.1839 0.0929 0.0000 0.9290 0.2612 0.2359 0.1843 0.0000 0.9503 

Block 0.4523 0.2992 0.4201 0.0000 0.9999 0.4531 0.2441 0.4220 0.0000 0.9999 

Insider 0.2700 0.2568 0.1903 0.0000 0.9999 0.3018 0.2301 0.2450 0.0000 0.9999 

Block/side 0.7598 0.4283 1 0.0000 1.0000 0.6947 0.4610 1 0.0000 1.0000 

Block/CEO 0.5588 0.4977 1 0.0000 1.0000 0.5929 0.4918 1 0.0000 1.0000 
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 Bankrupt firms  Matched firms 

Panel D: Three years prior to bankruptcy 

 Mean  Std. Dev Median Min Max Mean  Std. Dev Median Min Max 

Liquidity 0.1575 0.4292 0.1918 -1.9823 2.5532 0.2971 0.3399 0.2960 -4.4418 1.5060 

Profitability -0.1220 0.3861 -0.0054 -2.9444 0.2238 0.0263 0.3727 0.0802 -5.9582 0.5450 

Leverage 0.7422 0.5279 0.6808 0.0629 3.9799 0.5344 0.9932 0.4866 0.0041 20.8418 

Solvency -0.2910 1.1160 -0.0043 -8.7096 1.2958 0.0685 1.6483 0.1831 -22.3533 8.3270 

Activity 1.3850 0.9445 1.2910 0.0000 5.1159 1.4499 0.8937 1.3678 0.0000 6.2367 

Size 3.8623 1.7446 3.7771 -3.9120 8.1591 4.0043 1.6167 4.0869 -1.4065 7.6616 

EPS Vol 2.3992 8.4745 0.9033 11.7552 0.0264 0.6362 1.0208 0.3695 14.7132 0.0002 

Outsiders 0.6061 0.1903 0.6250 0.0000 1.0000 0.5934 0.1715 0.6000 0.0000 0.9091 

Board size 6.2941 2.1223 6 1.0000 15.0000 6.6726 1.8809 7 2.0000 13.0000 

CEO/Chair 0.6863 0.4651 1 0.0000 1.0000 0.6350 0.4820 1 0.0000 1.0000 

Institution 0.1713 0.1837 0.1028 0.0000 0.9999 0.2482 0.2268 0.1708 0.0000 0.9478 

Block 0.4689 0.3029 0.4531 0.0000 0.9999 0.4473 0.2369 0.4263 0.0000 0.9999 

Insider 0.2979 0.2665 0.2243 0.0000 0.9999 0.3136 0.2257 0.2734 0.0000 0.9999 

Block/side 0.7745 0.4189 1 0.0000 1.0000 0.7257 0.4467 1 0.0000 1.0000 

Block/CEO 0.5882 0.4934 1 0.0000 1.0000 0.6350 0.4820 1 0.0000 1.0000 
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Table 4. Univariate Analysis: Independent Variables 

This table reports the results of univariate tests for the control variables that have been identified as the most appropriate 
variables used in bankruptcy predictions from previous research and eight corporate governance variables for 204 US firms 
that have filed for bankruptcy between 1995 and 2001 and 450 matched US firms. The following variables are tested using a 
non-parametric test, the Mann-Whitney U test for difference in medians and a non-parametric test for difference in 
proportions. Liquidity is measured as working capital divided by total assets; profitability is measured as earnings before 
interest and tax over total assets; leverage is measured as market value of equity over total debt; solvency is measured as cash 
flow from operations divided by total liabilities; activity is measured as total sales divided by total assets; size is defined as 
the natural log of total assets; EPS Vol is defined as the five-year average of earnings per share volatility; outsider is defined 
as the proportion of outside directors of the total directors on the board; board size is measured as the total number of 
directors on the board; institution is defined as the proportion of shares outstanding held by institutional investors; block 
holder is measured as the proportion of outstanding shares held by shareholders with a 5% or larger holding of the 
outstanding shares; insider is measured as the proportion of shares held by the insiders of the firms (insider is classified as a 
director or officer of the firm). The following variables are tested using a parametric test for the difference in proportions: 
CEO/chairman is represented by a dummy variable representing one if the CEO is also the chairman of the board; block/side 
is a dummy representing one if the block holder is an insider and block/CEO is a dummy variable represented by one if the 
block holder is an insider and that insider is the CEO or chairman. Panel A reports the summary statistics for the entire 
sample period. Panel B reports the summary statistics, one year before bankruptcy. Panel C reports the summary statistics 

two years prior to bankruptcy. Panel D reports the summary statistics three years prior to bankruptcy.  

Panel A: Total sample of firms 

Mann-Whitney U Test for differences in Medians 

 Bankrupt firms Matched firms   

Sample size 1020  2260    

 Median  Median  z-statistic p-value 

Liquidity 0.1503   0.3078   13.429 0.0000 

Profitability -0.0259   0.0766   21.516 0.0000 

Leverage 0.7029   0.4782   18.811 0.0000 

Solvency -0.0341   0.1670   23.120 0.0000 

Activity 1.3399   1.3501   0.931 0.3518 

Size 3.7252   4.0629   3.855 0.0001 

EPS Vol 0.9033  0.3695  9.253 0.0000 

Outsiders 0.6250   0.6000   1.558 0.1192 

Board size 6   7   6.263 0.0000 

Insider 0.0917   0.1722   10.594 0.0000 

Institution 0.4220   0.4270   1.325 0.1851 

Block 0.1998   0.2567   5.425 0.0000 

Parametric test for difference in proportions  z-statistic p-value 

CEO/Chair 1   1   2.528 0.0115 

Block/side 1   1   3.628 0.0003 

Block/CEO 1   1   2.061 0.0393 

 

Panel B: One year prior to bankruptcy 

Mann-Whitney U Test for differences in Medians 

 Bankrupt firms Matched firms   

Sample size 204  452    

 Median  Median  z-statistic p-value 

Liquidity 0.0069   0.2956   10.036 0.0000 

Profitability -0.1289   0.0699   13.879 0.0000 

Leverage 0.8992   0.4887   13.886 0.0000 

Solvency -0.2016   0.1524   12.961 0.0000 

Activity 1.4621   1.3461   14.177 0.0000 

Size 3.7203   4.3906   4.282 0.0000 

EPS Vol 0.9033  0.3695  9.253 0.0000 

Outsiders 0.6667   0.6250   0.965 0.3345 

Board size 6   7   4.073 0.0000 

Insider 0.0727   0.2003   7.629 0.0000 

Institution 0.4017   0.4304   1.480 0.1389 

Block 0.1422   0.2251   4.596 0.0000 
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Parametric test for difference in proportions  z-statistic p-value 

CEO/Chair 1   1   0.839 0.4015 

Block/side 1   1   0.712 0.4764 

Block/CEO 1   1   1.584 0.1132 

 

Panel C: Two years prior to bankruptcy  

Mann-Whitney U Test for differences in Medians 

 Bankrupt firms Matched firms   

 Median  Median  z-statistic p-value 

Liquidity 0.1221   0.3048   6.864 0.0000 

Profitability -0.0423   0.0769   11.530 0.0000 

Leverage 0.7479   0.4686   10.318 0.0000 

Solvency -0.0598   0.1652   12.117 0.0000 

Activity 1.2363   1.3307   0.616 0.5376 

Size 3.9026   4.2505   1.989 0.0468 

EPS Vol 0.9033  0.3695  9.253 0.0000 

Outsiders 0.6667   0.6250   2.105 0.0353 

Board size 6   7   2.952 0.0032 

Insider 0.0929   0.1843   5.229 0.0000 

Institution 0.4201   0.4220   0.584 0.5592 

Block 0.1903   0.2450   2.790 0.0053 

Parametric test for difference in proportions  z-statistic p-value 

CEO/Chair 1   1   0.922 0.3566 

Block/side 1   1   1.709 0.0875 

Block/CEO 1   1   0.819 0.4128 

 

Panel D: Three years prior to bankruptcy 

Mann-Whitney U Test for differences in Medians 

 Bankrupt firms Matched firms   

 Median  Median  z-statistic p-value 

Liquidity 0.1918   0.2960   4.721 0.0000 

Profitability -0.0054   0.0802   9.289 0.0000 

Leverage 0.6808   0.4866   7.736 0.0000 

Solvency -0.0043   0.1831   10.232 0.0000 

Activity 1.2910   1.3678   1.115 0.2649 

Size 3.7771   4.0869   1.108 0.2680 

EPS Vol 0.9033  0.3695  9.253 0.0000 

Outsiders 0.6250   0.6000   1.260 0.2078 

Board size 6   7   2.652 0.0080 

Insider 0.1028   0.1708   4.237 0.0000 

Institution 0.4531   0.4263   0.374 0.7085 

Block 0.2243   0.2734   1.876 0.0607 

Parametric test for difference in proportions  z-statistic p-value 

CEO/Chair 1   1   1.275 0.2022 

Block/side 1   1   1.321 0.1866 

Block/CEO 1   1   1.141 0.2541 
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Table 5. Pearson Correlation Matrix: Independent Variables 
Panel A of this table reports the correlation coefficients for the entire sample of 204 firms US firms that have filed for bankruptcy between 1994 and 2001 and 452 matched US firms. Panel B reports the correlation coefficients’ one 
year prior to a firm filing for Chapter 11 bankruptcy. Liquidity is measured as working capital divided by total assets; profitability is measured as earnings before interest and tax over total assets; leverage is measured as total debt 
over total assets; solvency is measured as cash flow from operations divided by total liabilities; activity is measured as total sales divided by total assets; size is defined as the natural log of total assets; EPS Vol is the five-year 
average of the earnings per share volatility; outsider is defined as the proportion of outside directors of the total directors on the board; board size is measured as the total number of directors on the board; CEO/chair is represented by 
a dummy variable representing one if the CEO is also the chairperson of the board; institution is defined as the proportion of shares outstanding held by institutional investors; block is measured as the proportion of outstanding shares 
held by shareholders with a 5% or larger holding of the outstanding shares; insider is measured as the proportion of shares held by the insiders of the firms (insider is classified as a director or officer of the firm); block/side is a 
dummy representing one if the block holder is an insider and block/CEO is a dummy variable represented by one if the block holder is an insider and that insider is the CEO or chairperson. 

Panel A: Total sample of firms 

 Liquidity Profit Leverage Solvency Activity Size EPS Vol Outsiders Board size 
CEO/ 
Chair Institution Block Insider 

Block/ 
side 

Block/ 
CEO 

Liquidity 1               

                

Profitability 0.8180 1              

 0.0000               

Leverage -0.9552 -0.8233 1             

 0.0000 0.0000              

Solvency -0.0031 0.1863 -0.0065 1            

 0.8603 0.0000 0.7116             

Activity 0.0183 0.0720 0.0003 0.1576 1           

 0.2956 0.0000 0.9870 0.0000            

Size 0.1463 0.2967 -0.1442 0.1912 0.0351 1          

 0.0000 0.0000 0.0000 0.0000 0.0446           

EPS Vol -0.0127 0.0050 0.0381 -0.0027 -0.0005 0.1664 1         

 0.4687 0.7749 0.0290 0.8770 0.9772 0.0000          

Outsiders 0.0253 0.0398 -0.0100 0.0365 -0.0300 0.2339 0.0829 1        

 0.1480 0.0228 0.5681 0.0365 0.0856 0.0000 0.0000         

Board size 0.0321 0.0894 -0.0353 0.0860 0.0029 0.4086 0.1009 0.3488 1       

 0.0659 0.0000 0.0434 0.0000 0.8672 0.0000 0.0000 0.0000        

CEO/Chair -0.0078 -0.0177 0.0162 0.0163 -0.0323 -0.0603 0.0111 -0.0312 -0.2365 1      

 0.6560 0.3104 0.3540 0.3496 0.0647 0.0005 0.5243 0.0738 0.0000       

Institution 0.0627 0.1229 -0.0550 0.1263 0.0671 0.5123 -0.0145 0.2214 0.2404 0.0014 1     

 0.0003 0.0000 0.0016 0.0000 0.0001 0.0000 0.4067 0.0000 0.0000 0.9365      

Block -0.0121 0.0229 0.0090 0.0485 0.0442 -0.0066 -0.0004 -0.0144 -0.0317 -0.0516 -0.0623 1    

 0.4900 0.1901 0.6046 0.0054 0.0114 0.7069 0.9829 0.4107 0.0691 0.0031 0.0004     

Insider -0.0017 0.0351 -0.0127 0.0448 0.0365 -0.1523 -0.0345 -0.1840 -0.1361 0.0497 -0.2984 0.5117 1   

 0.9223 0.0442 0.4685 0.0102 0.0368 0.0000 0.0483 0.0000 0.0000 0.0044 0.0000 0.0000    

Block/side 0.0359 0.0368 -0.0255 0.0375 0.0993 -0.1302 -0.0639 -0.2075 -0.1437 0.1218 -0.1558 0.1933 0.3200 1  

 0.0400 0.0350 0.1437 0.0318 0.0000 0.0000 0.0003 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000   

Block/CEO 0.0474 0.0475 -0.0305 0.0378 0.0599 -0.1379 -0.0871 -0.2128 -0.1764 0.2595 -0.1228 0.1721 0.2886 0.7517 1 

 0.0067 0.0065 0.0804 0.0303 0.0006 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000  
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Panel B: One year prior to bankruptcy. 

 Liquidity Profit Leverage Solvency Activity Size EPS Vol Outsiders Board size 
CEO/ 
Chair Institution Block Insider 

Block/ 
side 

Block/ 
CEO 

Liquidity 1               

                

Profitability 0.9176 1              

 0.0000               

Leverage -0.9849 -0.9067 1             

 0.0000 0.0000              

Solvency 0.0360 0.2295 -0.0281 1            

 0.3570 0.0000 0.4719             

Activity 0.0247 0.0084 -0.0072 0.0690 1           

 0.5278 0.8297 0.8536 0.0774            

Size 0.2198 0.3341 -0.2154 0.2111 -0.0539 1          

 0.0000 0.0000 0.0000 0.0000 0.1676           

EPS Vol -0.0034 -0.0035 0.0117 -0.0257 0.0121 0.1300 1         

 0.9310 0.9293 0.7656 0.5105 0.7575 0.0008          

Outsiders 0.0139 0.0196 -0.0109 0.0173 -0.0364 0.2093 0.1037 1        

 0.7221 0.6161 0.7805 0.6582 0.3515 0.0000 0.0079         

Board size 0.0488 0.0965 -0.0460 0.1145 -0.0090 0.4384 0.0918 0.3505 1       

 0.2119 0.0134 0.2389 0.0033 0.8173 0.0000 0.0187 0.0000        

CEO/Chair -0.0237 -0.0286 0.0277 0.0127 -0.0349 -0.0582 -0.0153 0.0007 -0.2535 1      

 0.5452 0.4641 0.4794 0.7451 0.3720 0.1366 0.6948 0.9856 0.0000       

Institution 0.0663 0.1290 -0.0611 0.1843 0.0311 0.5293 -0.0546 0.1862 0.2551 -0.0290 1     

 0.0896 0.0009 0.1177 0.0000 0.4261 0.0000 0.1623 0.0000 0.0000 0.4590      

Block -0.0038 0.0247 0.0121 0.0783 0.1314 0.0481 -0.0057 0.0170 0.0648 -0.0330 0.0081 1    

 0.9226 0.5278 0.7564 0.0450 0.0007 0.2191 0.8846 0.6636 0.0975 0.3993 0.8359     

Insider 0.0210 0.0350 -0.0170 0.0524 0.0453 -0.1363 -0.0618 -0.1721 -0.0805 0.0635 -0.3096 0.4258 1   

 0.5905 0.3706 0.6647 0.1803 0.2462 0.0005 0.1139 0.0000 0.0392 0.1043 0.0000 0.0000    

Block/side 0.0691 0.0791 -0.0539 0.0678 0.1018 -0.1277 -0.0772 -0.1940 -0.1284 0.1455 -0.1537 0.1583 0.3314 1  

 0.0769 0.0429 0.1678 0.0827 0.0091 0.0010 0.0481 0.0000 0.0010 0.0002 0.0001 0.0000 0.0000   

Block/CEO 0.0655 0.0768 -0.0506 0.0680 0.0687 -0.1315 -0.0828 -0.1986 -0.1554 0.2919 -0.1303 0.1934 0.3240 0.7532 1 

 0.0938 0.0494 0.1956 0.0816 0.0786 0.0007 0.0340 0.0000 0.0001 0.0000 0.0008 0.0000 0.0000 0.0000  
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Table 6. Estimate Coefficients for Logit Model Using Individual Corporate Governance Variables and Using 50% of Sample for 

Estimation and 50% of Sample for Prediction 
This table presents the estimated coefficients for the Logit model of one (Panel A), two (Panel B), three (Panel C) years prior to a firm filing for Chapter 11 bankruptcy and combining prior years one and two (Panel 
D). The estimation sample consists of 102 bankrupt US firms and 227 matched firms that filed for bankruptcy between the years 1995 and 2001. Liquidity is measured as working capital divided by total assets; 
profitability is measured as earnings before interest and tax over total assets; leverage is measured as market value of equity over total debt; solvency is measured as cash flow from operations divided by total 
liabilities; activity is measured as total sales divided by total assets; size is defined as the natural log of total assets; EPS Vol is defined as the five-year average of earnings per share volatility; outsider is defined as the 
proportion of outside directors of the total directors on the board; board size is measured as the total number of directors on the board; CEO/chair is represented by a dummy variable representing one if the CEO is 
also the chairperson of the board; institution is defined as the proportion of shares outstanding held by institutional investors; ∆ institution is measured as the change in the proportion of shares held by institutional 
investors; block is measured as the proportion of outstanding shares held by shareholders with a 5% or larger holding of the outstanding shares; insider is measured as the proportion of shares held by the insiders of 
the firms (insider is classified as a director or officer of the firm); insider2 is measured as the insider variable squared; block/side is a dummy representing one if the block holder is an insider and block/CEO is a 
dummy variable represented by one if the block holder is an insider and that insider is the CEO or chairperson. 

Panel A: One year prior to bankruptcy                     
  Bankrupt Non-bankrupt          

Sample size 102 227                   

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Liquidity -0.1514 -0.1483 -0.1180 -0.1145 -0.0698 -0.1718 -0.1470 -0.1806 -0.1777 -0.1942 -0.0560 

Profitability -0.8991 -0.9423 -0.9145 -0.8855 -1.0370 -0.9279 -0.8053 -0.7249 -0.7059 -0.8759 -0.9394 

Leverage 2.397*** 2.3951*** 2.4580*** 2.4417*** 2.1822*** 2.3306*** 2.4827*** 2.5380*** 2.5520*** 2.3589*** 2.4813*** 

Solvency -0.6191 -0.6388 -0.7062* -0.6314 -0.4437 -0.5930 -0.6382 -0.6861 -0.6874 -0.6350 -0.5893 

Activity -0.4130* -0.4148* -0.3803* -0.4100* -0.4702** -0.4035* -0.4296* -0.4085* -0.4069* -0.4154* -0.4214* 

Size -0.1612 -0.1470 -0.0219 -0.1600 0.0224 -0.1649 -0.1705 -0.1943 -0.1991 -0.1555 -0.1722 

EPS Vol 0.585*** 0.5902*** 0.5902*** 0.5790*** 0.6459*** 0.5847*** 0.5930*** 0.5676*** 0.5413*** 0.5905*** 0.5728*** 

Outsiders   -0.6596                   

Board size     -0.2365**                 

CEO/chair       -0.1290               

Institution         -3.844***             

∆ Institution           -0.7647           

Block             -0.6881         

Insider               -2.076*** -3.0971     

Insider2                 1.3719     

Block/side                   0.1280   

Block/CEO                     -0.2659 

Intercept -2.2921* -1.9923 -1.5175 -2.2290* -2.4287* -2.2488* -2.1636 -1.8148 -1.6967 -2.3620* -2.1568 

Number of observations 329 329 329 329 329 329 329 329 329 329 329 

Log-likelihood -131.34 -131.08 -128.17 -131.26 -124.49 -131.08 -130.74 -127.74 -127.6 -131.27 -131 

Likelihood Ratio statistic 144.71 145.22 151.03 144.86 158.40 145.22 145.91 151.91 152.17 144.85 145.37 

Original LR   144.71 144.71 144.71 144.71 144.71 144.71 144.71 144.71 144.71 144.71 

Change in LR   0.35% 4.37% 0.10% 9.46% 0.35% 0.83% 4.98% 5.16% 0.10% 0.46% 

Pseudo R2 (Note 2) 0.3552 0.3565 0.3707 0.3556 0.3888 0.3565 0.3581 0.3729 0.3735 0.3556 0.3568 

Original Pseudo R2   0.3552 0.3552 0.3552 0.3552 0.3552 0.3552 0.3552 0.3552 0.3552 0.3552 

Change in R2   0.37% 4.36% 0.11% 9.46% 0.37% 0.82% 4.98% 5.15% 0.11% 0.45% 

 
 
            

Panel B: Two years prior to bankruptcy                     
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  Bankrupt Non-bankrupt          

Sample size 102 227                   

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Liquidity -0.9381 -1.1108 -0.9128 -0.9907 -1.0284 -1.003 -0.9824 -1.1404* -1.0587 -1.0122 -0.9658 

Profitability -2.3168** -2.2156** -2.3541** -2.3638** -2.1727** -2.2603** -2.2287** -2.1120** -2.0298** -2.4187** -2.3200** 

Leverage 1.5427** 1.4455** 1.5292** 1.4792** 1.3665** 1.3653** 1.6297** 1.5772** 1.6031** 1.4516** 1.5158** 

Solvency -0.5752* -0.5751* -0.5861* -0.5758* -0.5694* -0.5891* -0.5918* -0.6197* -0.6422* -0.5929* -0.5800* 

Activity -0.2698 -0.2646 -0.2601 -0.2617 -0.2602 -0.2386 -0.2963 -0.3323 -0.3201 -0.2663 -0.2711 

Size -0.0885 -0.1319 -0.0313 -0.0836 0.0625 -0.0861 -0.0932 -0.1199 -0.1292 -0.0618 -0.0845 

EPS Vol 0.717*** 0.7263*** 0.7154*** 0.7269*** 0.7334*** 0.6862*** 0.7238*** 0.7288*** 0.7187*** 0.7346*** 0.7247*** 

Outsiders   1.2200                   

Board size     -0.0891                 

CEO/chair       0.1670               

Institution         -2.827***             

∆ Institution           -1.45301           

Block             -0.4444         

Insider               -1.3186** -3.7221*     

Insider2                 2.9438     

Block/side                   0.5274   

Block/CEO                     0.1093 

Intercept -3.1618** -3.5976** -2.7945* -3.2644** -2.7452** -2.9391** -2.9872** -2.4893* -2.4506* -3.6695** -3.2543** 

Log-likelihood -139.82 -139.00 -139.35 -139.68 -135.72 -138.38 -139.55 -138.07 -137.1 -138.62 -139.76 

Likelihood Ratio statistic 127.75 129.38 128.68 128.02 135.95 128.27 128.29 131.25 133.17 130.14 127.87 

Original LR   127.75 127.75 127.75 127.75 127.75 127.75 127.75 127.75 127.75 127.75 

Change in LR   1.28% 0.73% 0.21% 6.42% 0.41% 0.42% 2.74% 4.24% 1.87% 0.09% 

Pseudo R2 (Note 2) 0.3136 0.3176 0.3159 0.3142 0.3337 0.3167 0.3149 0.3222 0.3269 0.3195 0.3139 

Original Pseudo R2   0.3136 0.3136 0.3136 0.3136 0.3136 0.3136 0.3136 0.3136 0.3136 0.3136 

Change in R2   1.28% 0.73% 0.19% 6.41% 0.99% 0.41% 2.74% 4.24% 1.88% 0.10% 

            

Panel C: Three years prior to bankruptcy                     
  Bankrupt Non-bankrupt          

Sample size 102 227                   

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Liquidity 0.2528 0.2463 0.3555 0.2407 -0.3877 0.2289 0.2918 0.2262 0.1983 0.2231 0.2466 

Profitability -2.7089** -2.7028** -2.7471** -2.7606** -2.851*** -2.6643** -2.7074** -2.6715** -2.6317** -2.6975** -2.7079** 

Leverage 0.8007** 0.7995* 0.8195* 0.7745* 0.7554* 0.7871* 0.7871* 0.7956* 0.7269* 0.7751* 0.7935* 

Solvency -0.2439* -0.2432 -0.2810 -0.2440 -0.1930 -0.2678 -0.2557 -0.2456 -0.2441 -0.2521 -0.2451 

Activity -0.3114 -0.3107* -0.3038* -0.3028* -0.3251* -0.2918 -0.3031 -0.3120* -0.3015 -0.3184* -0.3124* 

Size -0.1548 -0.1571 -0.0477 -0.1497 -0.0372 -0.1660 -0.1553 -0.1594 -0.1812 -0.1465 -0.1536 

EPS Vol 0.901*** 0.8995*** 0.8911*** 0.8992*** 0.9293*** 0.9135*** 0.9038*** 0.9019*** 0.8868*** 0.9132*** 0.9045*** 

Outsiders   0.0886                   

Board size     -0.1787**                 

CEO/chair       0.1258               

Institution         -2.0703**             

∆ Institution           1.019229           

Block             0.4438         
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Insider               -0.2142 -2.4082     

Insider2                 2.6302     

Block/side                   0.2256   

Block/CEO                     .0495 

Intercept -2.9359* -2.9739* -2.2457 -3.0506** -2.7282* -3.0655** -3.1417** -2.8180* -2.5630 -3.1479** -2.9789* 

Log-likelihood -157.25 -157.24 -155.11 -157.16 -154.54 -156.89 -156.93 -157.18 -156.34 -157.00 -157.24 

Likelihood Ratio statistic 92.88 92.89 97.16 93.06 98.30 93.60 93.53 93.01 94.71 93.38 92.91 

Original LR   92.88 92.88 92.88 92.88 92.88 92.88 92.88 92.88 92.88 92.88 

Change in LR   0.01% 4.61% 0.19% 5.84% 0.78% 0.70% 0.14% 1.97% 0.54% 0.03% 

Pseudo R2 (Note 2) 0.2280 0.2280 0.2385 0.2284 0.2413 0.2298 0.2296 0.2283 0.2325 0.2292 0.2281 

Original Pseudo R2   0.2280 0.2280 0.2280 0.2280 0.2280 0.2280 0.2280 0.2280 0.2280 0.2280 

Change in R2   0.00% 4.61% 0.18% 5.83% 0.79% 0.70% 0.13% 1.97% 0.53% 0.04% 

Panel D: average of years one and two years prior to bankruptcy               
  Bankrupt Non-bankrupt          

Sample size 204 454                   

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Liquidity -0.4407 -0.4512 -0.4150 -0.4404 -0.4364 -0.4736 -0.4581 -0.5515 -0.5128 -0.5184 -0.4225 

Profitability -1.5270** -1.5114** -1.5933** -1.5268** -1.4593** -1.5299** -1.4443** -1.3463* -1.2977* -1.5379** -1.5281** 

Leverage 1.9609*** 1.9553*** 1.9641*** 1.9612*** 1.7957*** 1.8568*** 2.0433*** 2.0201*** 2.0529*** 1.8822*** 1.9770*** 

Solvency -0.5720** -0.5706** -0.5994** -0.5721** -0.5209** -0.5580** -0.5866** -0.6131** -0.6158** -0.5919** -0.5687** 

Activity -0.3488** -0.3481** -0.3294** -0.3488** -0.365*** -0.3264** -0.3704** -0.3858** -0.3789** -0.3520** -0.3490** 

Size -0.1400 -0.1449 -0.0438 -0.1400 0.0234 -0.1441 -0.1460* -0.1717* -0.1788** -0.1241 -0.1424 

EPS Vol 0.6712*** 0.6713*** 0.6700*** 0.6713*** 0.7015*** 0.6560*** 0.6785*** 0.6792*** 0.6513*** 0.6845*** 0.6677*** 

Outsiders   0.1708                   

Board size     -0.1567**                 

CEO/chair       -0.0009               

Institution         -3.232***             

∆ Institution           -1.0522           

Block             -0.5262         

Insider               -1.447*** -3.3316**     

Insider2                 2.3369     

Block/side                   0.3362   

Block/CEO                     -0.0611 

Intercept -2.571*** -2.640*** -1.9915** -2.571*** -2.421*** -2.461*** -2.426*** -2.005** -1.896** -2.821*** -2.530*** 

Log-likelihood -274.26 -274.23 -271.32 -274.26 -263.56 -272.56 -273.51 -269.84 -268.76 -273.29 -274.22 

Likelihood Ratio statistic 266.25 266.32 272.13 266.25 287.64 267.30 267.76 275.09 277.24 268.20 266.32 

Original LR   266.25 266.25 266.25 266.25 266.25 266.25 266.25 266.25 266.25 266.25 

Change in LR   0.03% 2.21% 0.00% 8.03% 0.39% 0.57% 3.32% 4.13% 0.73% 0.03% 

Pseudo R2 (Note 2) 0.3268 0.3269 0.3340 0.3268 0.3530 0.3290 0.3286 0.3376 0.3403 0.3292 0.3269 

Original Pseudo R2   0.3268 0.3268 0.3268 0.3268 0.3268 0.3268 0.3268 0.3268 0.3268 0.3268 

Change in R2   0.03% 2.20% 0.00% 8.02% 0.67% 0.55% 3.30% 4.13% 0.73% 0.03% 

*** significant at a 1% level, ** significant at a 5% level, * significant at a 10% level             

Note 1: Likelihood ratio statistics that are displayed in bold indicate that these ratios are significant at a 1% level of significance.   
Note 2: Veall and Zimmermann (1996) recommend the use of the McKelvey-Zevonia R2 or the McFadden R2, as these are the closest to the OLS R2 measure, and they show it to be the best 
“goodness of fit” statistic to compare across different empirical when using binary dependent variables.   
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Table 7. Estimate Coefficients for Logit Model Using 50% of Sample for Estimation 

and 50% of Sample for Prediction 
This table presents the estimated coefficients for the Logit model of one (Panel A), two (Panel B), three (Panel C) years prior to a 
firm filing for Chapter 11 bankruptcy and combining prior years one and two (Panel D). The estimation sample consists of 102 
bankrupt US firms and 227 matched firms that filed for bankruptcy between the years 1995 and 2001. Liquidity is measured as 
working capital divided by total assets; profitability is measured as earnings before interest and tax over total assets; leverage is 
measured as market value of equity over total debt; solvency is measured as cash flow from operations divided by total liabilities; 
activity is measured as total sales divided by total assets; size is defined as the natural log of total assets; EPS Vol is defined as the 
five-year average of earnings per share volatility; outsider is defined as the proportion of outside directors of the total directors on the 
board; board size is measured as the total number of directors on the board; CEO/chair is represented by a dummy variable 
representing one if the CEO is also the chairperson of the board; institution is defined as the proportion of shares outstanding held by 
institutional investors; ∆ institution is measured as the change in the proportion of shares held by institutional investors; block is 
measured as the proportion of outstanding shares held by shareholders with a 5% or larger holding of the outstanding shares; insider 
is measured as the proportion of shares held by the insiders of the firms (insider is classified as a director or officer of the firm); 
insider2 is measured as the insider variable squared; block/side is a dummy representing one if the block holder is an insider and 
block/CEO is a dummy variable represented by one if the block holder is an insider and that insider is the CEO or chairperson. Model 
1 contains all control variables and all the governance variables except insider2 and ∆ institution. Model 2 contains all control 
variables and all the governance variables except ∆ institution. Model 3 contains all control variables and all the governance variables 
except insider2. Model 4 contains all variables. 

Panel A: One year prior to bankruptcy         
  Bankrupt Non-bankrupt    

Sample size 102 227       

Variables Control Model 1 Model 2 Model 3 Model 4 

Liquidity -0.1514 -0.0220 -0.0194 -0.0224 -0.0189 

Profitability -0.8991 -0.9579 -0.9401 -0.9584 -0.9407 

Leverage 2.3970*** 2.4936*** 2.4809*** 2.4946*** 2.4820*** 

Solvency -0.6191 -0.6095 -0.6406 -0.6094 -0.6405 

Activity -0.4130* -0.4769** -0.4721** -0.4770** -0.4722** 

Size -0.1612 0.2271 0.2256 0.2273 0.2258 

EPS Vol 0.5846*** 0.6145*** 0.5633*** 0.6145*** 0.5632*** 

Outsiders   -0.4741 -0.6930 -0.4741 -0.6931 

Board size   -0.2624** -0.2533** -0.2624** -0.2534** 

CEO/chair   -0.0948 -0.0768 -0.0950 -0.0770 

Institution   -5.2187*** -5.2702*** -5.2195*** -5.2710*** 

∆ Institution       0.0051 0.0053 

Block   0.6380 0.6315 0.6378 0.6313 

Insider   -3.6152*** -6.1626** -3.6155*** -6.1637** 

Insider2     3.2499   3.2510 

Block/side   0.7400 0.8542 0.7401 0.8544 

Block/CEO   -0.8299 -0.8372 -0.8303 -0.8376 

Intercept -2.2921* -0.8527 -0.6108 -0.8531 -0.6112 

Log-likelihood -131.34 -112.61 -112.06 -112.61 -112.06 

Likelihood Ratio statistic 144.71 182.16 183.26 182.17 183.26 

Original LR   144.71 144.71 144.71 144.71 

Change in LR   25.88% 26.64% 25.89% 26.64% 

Pseudo R2 (Note 2) 0.3552 0.4472 0.4498 0.4422 0.4498 

Original Pseudo R2   0.3552 0.3552 0.3552 0.3552 

Change in R2   25.90% 26.63% 24.49% 26.63% 

      
Panel B: Two years prior to bankruptcy     
 Bankrupt Non-bankrupt   

Sample size 102 227    

Variables Control Model 1 Model 2 Model 3 Model 4 

Liquidity -0.9381 -1.7314** -1.6375** -1.7500** -1.6587** 

Profitability -2.3168** -2.0218* -1.8454* -2.0217* -1.8435* 

Leverage 1.5427** 0.95984 0.9881 0.9039 0.9239 

Solvency -0.5752* -0.6885* -0.7548** -0.6941* -0.7611** 

Activity -0.2698 -0.3187 -0.2984 -0.3005 -0.2771 

Size -0.0885 0.1331 0.1425 0.1261 0.1342 

EPS Vol 0.7172*** 0.7643*** 0.7493*** 0.7409*** 0.7256*** 

Outsiders   1.7031 1.5173 1.6946 1.5063 

Board size   -0.1302 -0.1288 -0.1353 -0.1357 

CEO/chair   0.1905 0.2043 0.1930 0.2038 

Institution   -3.4286*** -3.5810*** -3.2164*** -3.3394*** 

∆ Institution       -0.5750 -0.6545 

Block   -0.0482 -0.1062 -0.0964 -0.1626 

Insider   -2.0860** -6.2674*** -2.0221** -6.2617*** 

Insider2     4.8074**   4.8802** 

Block/side   1.2153* 1.3456** 1.2232** 1.3584** 

Block/CEO   -0.4913 -0.4443 -0.5227 -0.4816 

Intercept -3.1618** -2.7237* -2.4994* -2.6476* -2.3888* 

Log-likelihood -139.82 -127.78 -125.65 -127.37 -125.16 

Likelihood Ratio statistic 127.75 151.83 156.09 150.30 154.71 
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Original LR   127.75 127.75 127.75 127.75 

Change in LR   18.85% 22.18% 17.65% 21.10% 

Pseudo R2 (Note 2) 0.3136 0.3727 0.3832 0.3711 0.382 

Original Pseudo R2   0.3136 0.3136 0.3136 0.3136 

Change in R2   18.85% 22.19% 18.34% 21.81% 

      
Panel C: Three years prior to bankruptcy     
 Bankrupt Non-bankrupt   

Sample size 102 227    

Variables Control Model 1 Model 2 Model 3 Model 4 

Liquidity 0.2528 0.3880 0.3431 0.3325 0.2907 

Profitability -2.7089** -2.7443** -2.7186** -2.6848** -2.6674** 

Leverage 0.8007** 0.7100 0.6367 0.6329 0.5651 

Solvency -0.2439* -0.2588 -0.2552 -0.2857 -0.2799 

Activity -0.3114 -0.3063 -0.3002 -0.2519 -0.2463 

Size -0.1548 0.0769 0.0537 0.0894 0.0662 

EPS Vol 0.9010*** 0.9095*** 0.8973*** 0.9569*** 0.9432*** 

Outsiders   0.4422 0.3048 0.6149 0.4790 

Board size   -0.2009** -0.1867* -0.1929** -0.1801* 

CEO/chair   0.0667 0.0849 0.0990 0.1178 

Institution   -2.2636*** -2.2294** -3.4122*** -3.3502*** 

∆ Institution       3.4895** 3.4426 

Block   0.6783 0.63419 0.5427 0.5005 

Insider   -1.0853 -3.1174 -1.1682 -3.1406 

Insider2     2.3915   2.3221 

Block/side   0.4051 0.5093 0.3002 0.3983 

Block/CEO   -0.2824 -0.3279 -0.2640 -0.3078 

Intercept -2.9359* -2.06796 -1.7909 -2.1991 -1.9116 

Log-likelihood -157.25 -150.70 -150.07 -148.54 -147.97 

Likelihood Ratio statistic 92.88 105.98 107.24 110.3 111.45 

Original LR   92.88 92.88 92.88 92.88 

Change in LR   14.10% 15.46% 18.76% 19.99% 

Pseudo R2 (Note 2) 0.2280 0.2601 0.2632 0.2708 0.2736 

Original Pseudo R2   0.2280 0.2280 0.2280 0.2280 

Change in R2   14.08% 15.44% 18.77% 20.00% 

      
Panel D: average of years one and two years prior to bankruptcy   
 Bankrupt Non-bankrupt   

Sample size 204 454    

Variables Control Model 1 Model 2 Model 3 Model 4 

Liquidity -0.4407 -0.6469 -0.6147 -0.6463 -0.6147 

Profitability -1.5270** -1.2763* -1.2100* -1.2767* -1.2094* 

Leverage 1.9609*** 1.7070*** 1.7547*** 1.7013*** 1.7481*** 

Solvency -0.5720** -0.6386** -0.6631** -0.6406** -0.6659** 

Activity -0.3488** -0.4106*** -0.4017*** -0.4002*** -0.3897** 

Size -0.1400 0.1507 0.1523 0.1472 0.1482 

EPS Vol 0.6712*** 0.7050*** 0.6587*** 0.6980*** 0.6497*** 

Outsiders   0.5050 0.3093 0.5019 0.3020 

Board size   -0.1845** -0.1794** -0.1874** -0.1827** 

CEO/chair   -0.0113 0.0060 -0.0127 0.0050 

Institution   -4.0409*** -4.1698*** -3.9726*** -4.0936 

∆ Institution       -0.0208 -0.0192 

Block   0.2948 0.2495 0.2646 0.2131 

Insider   -2.5627*** -6.2319*** -2.5352*** -6.2462*** 

Insider2     4.3566**   4.4068*** 

Block/side   0.9326** 1.0794*** 0.9250** 1.0727*** 

Block/CEO   -0.5548 -0.5344 -0.5582 -0.5386 

Intercept -2.5712*** -1.5254 -1.2536 -1.4882 -1.2054 

Log-likelihood -274.26 -247.92 -244.85 -247.55 -244.41 

Likelihood Ratio statistic 266.25 318.93 325.07 317.32 323.61 

Original LR   266.25 266.25 266.25 266.25 

Change in LR   19.79% 22.09% 19.18% 21.54% 

Pseudo R2 (Note 2) 0.3268 0.3914 0.3990 0.3906 0.3983 

Original Pseudo R2   0.3268 0.3268 0.3268 0.3268 

Change in R2   19.77% 22.09% 19.52% 21.88% 

*** significant at a 1% level      
** significant at a 5% level      
* significant at a 10% level      
Note 1: Likelihood ratio statistics that are displayed in bold indicate that these ratios are significant at a 1% level of significance. 
Note 2: Veall and Zimmermann (1996) recommend the use of the McKelvey-Zevonia R2 or the McFadden R2, as these are the closest 
to the OLS R2 measure, and they show it to be the best “goodness of fit” statistic to compare across different empirical when using 
binary dependent variables. 
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Table 8. Prediction Results from Logit Model Using Individual Corporate Governance Variables and Using 50% of Sample for 

Estimation and 50% of Sample for Prediction 
This table presents the prediction results, errors Type I and Type II for the Logit model of one (Panel A), two (Panel B), three (Panel C) years prior to a firm filing for Chapter 11 bankruptcy and combining prior 
years one and two (Panel D). The estimation sample consists of 102 bankrupt US firms and 227 matched firms that filed for bankruptcy between the years 1995 and 2001. The prediction sample consists of 102 
bankrupt and 225 matched firms for the years 1995 to 2001.  Liquidity is measured as working capital divided by total assets; profitability is measured as earnings before interest and tax over total assets; leverage is 
measured as market value of equity over total debt; solvency is measured as cash flow from operations divided by total liabilities; activity is measured as total sales divided by total assets; size is defined as the 
natural log of total assets; EPS Vol is defined as the five-year average of earnings per share volatility; outsider is defined as the proportion of outside directors of the total directors on the board; board size is 
measured as the total number of directors on the board; CEO/chair is represented by a dummy variable representing one if the CEO is also the chairperson of the board; institution is defined as the proportion of 
shares outstanding held by institutional investors; ∆ institution is measured as the change in the proportion of shares held by institutional investors; block is measured as the proportion of outstanding shares held by 
shareholders with a 5% or larger holding of the outstanding shares; insider is measured as the proportion of shares held by the insiders of the firms (insider is classified as a director or officer of the firm); insider2 is 
measured as the insider variable squared; block/side is a dummy representing one if the block holder is an insider and block/CEO is a dummy variable represented by one if the block holder is an insider and that 
insider is the CEO or chairperson. 

Panel A: One year prior to bankruptcy           
 Bankrupt Non-bankrupt         

Sample size 102 225          

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Original sample 327 327 327 327 327 327 327 327 327 327 327 

Number of correct prediction 267 267 269 268 269 268 268 273 271 268 268 

Number of incorrect predictions 60 60 58 59 58 59 59 54 56 59 59 

Percentage of correct predictions 81.65% 81.65% 82.26% 81.96% 82.26% 81.96% 81.96% 83.49% 82.87% 81.96% 81.96% 

Error Type I  35.29% 35.29% 35.29% 36.27% 33.33% 35.29% 34.31% 31.37% 35.29% 35.29% 35.29% 

Error Type II  10.67% 10.67% 9.78% 9.78% 10.67% 10.22% 10.67% 9.78% 8.89% 10.22% 10.22% 

            
Panel B: Two years prior to bankruptcy           
 Bankrupt Non-bankrupt         

Sample size 102 225          

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Original sample 327 327 327 327 327 327 327 327 327 327 327 

Number of correct prediction 267 267 266 267 268 267 268 268 266 266 268 

Number of incorrect predictions 60 60 61 60 59 60 59 59 61 61 59 

Percentage of correct predictions 81.65% 80.73% 81.35% 81.65% 81.96% 81.65% 81.96% 81.96% 81.35% 81.35% 81.96% 

Error Type I  44.12% 43.14% 42.16% 44.12% 40.20% 43.14% 44.12% 43.14% 43.14% 44.12% 43.14% 

Error Type II  6.67% 7.11% 8.00% 6.67% 8.00% 7.11% 6.22% 6.67% 7.56% 7.11% 6.67% 

 
            
Panel C: Three years prior to bankruptcy           
 Bankrupt Non-bankrupt         

Sample size 102 225          

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Original sample 327 327 327 327 327 327 327 327 327 327 327 

Number of correct prediction 261 261 262 262 263 261 257 263 262 261 261 

Number of incorrect predictions 66 66 65 65 64 66 70 64 65 66 66 

Percentage of correct predictions 79.82% 79.82% 80.12% 80.12% 80.43% 79.82% 78.59% 80.43% 80.12% 79.82% 79.82% 

Error Type I  43.14% 43.14% 47.06% 42.16% 43.14% 44.12% 44.12% 41.18% 43.14% 43.14% 43.14% 

Error Type II  9.78% 9.78% 7.56% 9.78% 8.89% 9.33% 11.11% 9.78% 9.33% 9.78% 9.78% 
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Panel D: average of years one and two years prior to bankruptcy         
 Bankrupt Non-bankrupt         

Sample size 204 450          

Variables Control Outsiders Board size CEO/chair Institution ∆ Institution Block Insider Insider2 Block/side Block/CEO 

Original sample 327 327 327 327 327 327 327 327 327 327 327 

Number of correct prediction 269 268 270 269 269 267 271 270 270 268 268 

Number of incorrect predictions 58 59 57 58 58 60 56 57 57 59 59 

Percentage of correct predictions 82.26% 81.96% 82.57% 82.26% 82.26% 81.65% 82.87% 82.57% 82.57% 81.96% 81.96% 

Error Type I  37.25% 38.24% 38.24% 37.25% 38.24% 39.22% 36.27% 37.25% 37.25% 38.24% 38.24% 

Error Type II  8.89% 8.89% 8.00% 8.89% 8.44% 8.89% 8.44% 8.44% 8.44% 8.89% 8.89% 
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Table 9. Prediction Results from Logit Model Using 50% of Sample for 

Estimation and 50% of Sample for Prediction 
This table presents the prediction results, errors Type I and Type II for the Logit model of one (Panel A), two (Panel B), three 
(Panel C) years prior to a firm filing for Chapter 11 bankruptcy and combining prior years one and two (Panel D). The 
estimation sample consists of 102 bankrupt US firms and 227 matched firms that filed for bankruptcy between the years 1995 
and 2001. The prediction sample consists of 102 bankrupt and 225 matched firms for the years 1995 to 2001. Model 1 contains 
all control variables and all the governance variables except insider2 and ∆ institution. Model 2 contains all control variables 
and all the governance variables except ∆ institution. Model 3 contains all control variables and all the governance variables 
except insider2. Model 4 contains all variables. 

Panel A: One year prior to bankruptcy     
 Bankrupt Non-bankrupt   

Sample size 102 225    

Variables Control Model 1 Model 2 Model 3 Model 4 

Original sample 327 327 327 327 327 

Number of correct prediction 267 268 276 268 273 

Number of incorrect predictions 60 59 51 59 54 

Percentage of correct predictions 81.65% 81.96% 84.40% 81.96% 83.49% 

Error Type I  35.29% 34.31% 29.41% 33.33% 30.39% 

Error Type II  10.67% 10.67% 9.33% 11.11% 10.22% 

      
Panel B: Two years prior to bankruptcy     
 Bankrupt Non-bankrupt   

Sample size 102 225    

Variables Control Model 1 Model 2 Model 3 Model 4 

Original sample 327 327 327 327 327 

Number of correct prediction 267 266 269 266 269 

Number of incorrect predictions 60 61 58 61 58 

Percentage of correct predictions 81.65% 81.35% 82.26% 81.35% 82.26% 

Error Type I  44.12% 41.18% 38.24% 40.20% 35.29% 

Error Type II  6.67% 8.44% 8.44% 8.89% 9.78% 

      
Panel C: Three years prior to bankruptcy     
 Bankrupt Non-bankrupt   

Sample size 102 225    

Variables Control Model 1 Model 2 Model 3 Model 4 

Original sample 327 327 327 327 327 

Number of correct prediction 261 263 267 264 267 

Number of incorrect predictions 66 64 60 63 60 

Percentage of correct predictions 79.82% 80.43% 81.65% 80.73% 81.65% 

Error Type I  43.14% 40.20% 36.27% 39.22% 38.24% 

Error Type II  9.78% 10.22% 10.22% 10.22% 9.33% 

      
Panel D: average of years one and two years prior to bankruptcy   
 Bankrupt Non-bankrupt   

Sample size 204 450    

Variables Control Model 1 Model 2 Model 3 Model 4 

Original sample 327 327 327 327 327 

Number of correct prediction 269 268 272 268 270 

Number of incorrect predictions 58 59 55 59 57 

Percentage of correct predictions 82.26% 81.96% 83.18% 81.96% 82.57% 

Error Type I  37.25% 37.25% 34.31% 37.25% 35.29% 

Error Type II  8.89% 9.33% 8.89% 9.33% 9.33% 
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Figure 4: Mean and Median Values of Leverage for five years prior to 

bankruptcy for a sample of Bankrupt and Matched firms 
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Figure 5: Mean and Median Values of Solvency for five years prior to 

bankruptcy for a sample of Bankrupt and Matched firms
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Figure 6: Mean and Median Values of Activity for five years prior to 

bankruptcy for a sample of Bankrupt and Matched firms
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Figure 7: Mean and Median Values of Size for five years prior to 

bankruptcy for a sample of Bankrupt and Matched firms
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Figure 8: Mean and Median Proportions of Institutional Ownership 

for five years prior to bankruptcy for a sample of Bankrupt and 

Matched firms
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Figure 9: Mean and Median Proportions of Block Holder Ownership 

for five years prior to bankruptcy for a sample of Bankrupt and 

Matched firms
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Abstract 

The ‘rational expectations hypothesis (REH)’ assumes that investors’ 
subjective probability measures coincide with their objective probability 
measures and all new and relevant information is instantaneously absorbed 
into these objective distribution measure or prices. A related idea is the 
efficient market hypothesis which states that the prices of securities as 
observed reflect all publicly available information. The observed randomness 
of asset returns re-affirms this line of argument. However, the empirical non-
normality (or fat-tails) of the return distributions continues to be an 
unexplained anomaly. 

This paper is based on the rational expectations hypothesis but allows the 
objective probability measures to be modified to form subjective 
expectations. Investors remain rational but they revise their original 
expectations prior to trading based on their buy-sell decisions i.e. they 
attempt to maximize their expected utilities by adopting decision-biased 
extreme-valued posterior subjective probabilities based on their prior 
objective probability measures. A hypothesis called the ‘extremal 
expectations hypothesis’ (EEH)’ is proposed using extreme-valued theory 
concepts to support the empirical findings. 

Keywords: Extremal expectations hypothesis (EEH); rational 
expectations; extreme value theory; extreme-value and logistic 
distributions 

JEL Classification Codes: D84, G10, C16 
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Extremal expectations: A Paradigm for Fat-tails 

1. INTRODUCTION 
 
Every informed investor knows that stock prices fluctuate and that 
the most important assumption in financial forecasting is the shape of 
the probability distribution of future price changes. And students of 
finance are taught using the ubiquitous normal distribution. The 
argument, as it goes, is that as news or new information must be 
normally distributed, then the price changes in an efficient and 
complete market must also be normally distributed. Additionally, the 
normal distribution has several attractive properties as it is: 

(a) Simple to use and produces tractable results; 
(b) Completely characterised by its first two moments;  
(c) The limiting distribution of a wide class of statistical tests and 

estimation procedures. 

The normal distribution hypothesis was first proposed by Bachelier [1] 
using the ‘calculus of probabilities’ to develop a mathematically 
predictable model of financial asset prices, i.e. to establish the law of 
probability of price changes consistent with the market at that instant 
[2]. Bachelier assumed price changes to be random drawings from an 
independent and identical distribution and that the transactions were 
uniformly spread across time. The central limit theorem was then 
invoked to adopt a normal distribution for the fluctuations (as the 
sum of the IID drawings became large). By assuming that price 
changes are random drawings from random IID normal distributions, 
Bachelier implied that the prices reflected information perfectly and 
hence implicitly made the assumptions of the then undefined rational 
expectations hypothesis to be mooted by Muth decades later [3]. 

The hypothesis of rational expectations is based on the following two 
important assumptions [4]: 

(a) Agents’ subjective probability measure coincide with the 
objective probability measure; 

(b) When new information arrives in the market, agents correctly 
update their beliefs. 

If significant deviations from normality exist, much prior research on 
securities markets may have to be reassessed, especially if the 
research used least squares regression estimates and asset pricing 
models based on linear models [5]. The actual return distribution 
observed and assumed affects the appropriateness of using standard 
asset pricing models to assess values of equities, equity options, and 
other derivatives. 
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In fact these deviations do exist and, as the literature in financial 
economics recognises, security return distributions are non-normal 
with ‘fat-tails’ and ‘peaked-heads’. [6-8]. The question arises of what 
then is the true distribution of financial asset returns and, if it is not 
the normal, why is it otherwise? 

Positive approaches at a more satisfactory empirical distribution of 
returns have been made [9-12] but normative approaches have been 
wanting [13]. 

Probably, as the determination of these fluctuations depends on an 
infinite number of factors, it was deemed impossible to aspire to a 
satisfactory explanation of it.  It is seen that the influences which 
determine fluctuations on the stock market are innumerable; past, 
present, and even discounted future events are reflected in the market 
price, but often show no apparent relation to price changes [2]. 
Another possible reason is that most investigators believe that the 
leptokurtic distribution is “possibly because the standard deviation as 
well as the mean is subject to variation with time” [14] . 

Bachelier, in his revolutionary work in 1900, also mentions that “the 
calculus of probabilities, doubtless, could never be applied to 
fluctuations in security quotations, and the ‘dynamics’ of the 
exchange will never be an exact science”, thus exempting his own 
methodology from addressing the subjective aspect of trading. 

This paper applies the very same ‘calculus of probabilities’ to the 
fluctuations in security quotations to explain the behaviour of stock 
prices and to gain some insights to the dynamics of trading. It 
explicitly provides an explicit model using standard statistical theory 
as to why short-term returns tend to be non-normal and assume, 
asymptotically, the logistic distribution.  

In order to formulate an alternative hypothesis, one needs to look at 
three aspects of trading: 

(a) the information set; 
(b) the expectations; and 
(c) the transactions.  

1.1 THE INFORMATION SET 

Schwartz classified information into two broad categories: (a) the 
information set that relates to the investment decisions and (b) floor 
information set that relates to trading decisions [15]. 

Investment information pertains to the determination of future share 
value based on recent share price history, current financial 
information, current economic information and expectations of future 
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cash flows. This information set can be broadened by encompassing 
the attributes of the decision maker, such as technical knowledge and 
experience that allow a proper assessment of relevant facts  [15].  

Floor information includes knowledge of the current quotes, last 
transaction prices, and the transaction volume. In addition, it would 
be of value to have information on orders that have not been executed, 
including knowledge of the limit order book, knowledge of orders held 
by prospective traders  and statements of buying and selling interest 
by block, institution and other large traders [15].  

Whilst, investment information is used to make an investment 
decision: buy, sell or hold, floor information is used to make a trading 
decision: buy (low) with limit-orders, buy-at-the-market, sell (high) 
with limit-orders or sell-at-the-market. 

1.2 THE EXPECTATIONS 

Expectations are “attitudes, dispositions or psychological states of 
mind” that relate to events for which the outcomes are uncertain [16]. 
Expectations are usually formed about future events that have not 
been experienced or occurred in the past. As such expectations are 
embedded in uncertainty, the outcomes of which may or may not be 
measurable. Hence, expectations can be defined as psychologically 
held subjective beliefs that may or may not be measurable outcomes 
or events [17].   

Lawson’s two-dimensional taxonomy based between objective realities 
and subjective beliefs and between measurable and immeasurable 
probabilities is adopted here for conceptualising the types of 
uncertainty involved [18, 19]. The objective-and-measurable 
probability is the mainstream rational expectations view commonly 
identified with Muth [3] and Lucas [20]. The objective-but-
immeasurable probability corresponds to Knight’s view of uncertainty 
as immeasurable. The position of Friedman and Savage [21] is 
identified with the subjective-but-measurable probability where the 
agents’ probability estimates are based on perceptions and beliefs. 
Lastly, Keynes [22] position is identified with the subjective-and-
immeasurable probability. This view is supported by Shackle [23] [24] 
who sees expectations as creative acts of imagination and fantasy 
which do not lend themselves to formal representations by means of 
probabilistic models. Pesaran [17] categorised endogenous and 
exogenous uncertainty by stating that in the case of exogenous 
uncertainty, a probabilistic representation of uncertainty will be 
invariant to behavioural effects and thus definable and endogenous 
uncertainty as undefinable. 

Subjective beliefs and objective frequencies traditionally have been 
considered non-compatible concepts. Poisson [25] was the first to 
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distinguish in writing between subjective and objective meaning of 
probability [26]. In addition, Quetelets’s [27] model of human 
behaviour, as erratic and unpredictable at the individual level, but 
governed by statistical laws and predictable at the level of society, is 
invoked in this paper for an alternative interpretation of the statistical 
behaviour of economic agents.  

The assumed impossibility of defining probabilistic models of 
expectations was also reinforced by Hume [28], who maintained that 
the representation of subjective expectations by probability 
distributions cannot be logically justified, irrespective of whether the 
source of uncertainty is exogenous or endogenous. To date, the search 
for a general and all-encompassing theory of expectations has been 
futile as without direct measurements or equations of subjective 
expectations it would be difficult if not near impossible to model all-
encompassing expectations formally. 

This paper takes an endogenous view of the returns generation 
process and combines both the Muth–Lucas and Friedman–Savage 
concepts of uncertainty by using measurable objectives and definable 
subjective measures. Economists are seen as fully informed and 
objectively rational.  Economic agents, however, use economists’ 
predictions but modify them subjectively conditional on their 
dichotomous buy-sell positions. 

The resulting model accounts for both the economists and the 
economic agents by using two embedded models [19]: 

(a) A prior-model representing the economist’ expectations; and 
(b) A posterior-model representing the economic agents’ 

expectations and the economists’ prior expectations.  

The economists first form rational expectations of outcomes. The 
agents then base their expectations on the economists’ forecasts of 
outcomes but distort them [towards-the-tails] based on their specific 
investment decisions, current trading volumes and order imbalances. 

1.3 THE TRANSACTIONS 

The final aspect is the traded or transacted prices. The transacted 
price is the result of trading in the markets. It can be different from 
the equilibrium prices. The equilibrium price is the price at which the 
aggregate buy-quote order function equals the aggregate sell-quote 
order function. The clearing price is the price at which the aggregate 
of all buy orders equals the aggregate of all sell orders. 

Trading under transaction cost uncertainty involves two types of 
opportunity costs: 
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(a) the opportunity cost of trading at inferior prices (buying at 
prices that are unnecessarily high or selling at prices that are 
unnecessarily low); and 

(b) the opportunity cost of missing a trade because a buy order was 
priced too low, or because a sell order was priced too high. 

With transaction price uncertainty, the clearing price, in general, will 
differ from the equilibrium price, thus impairing the informational 
accuracy of the market price and justifying the price discovery 
process. Trading is a manifestation of disequilibrium behaviour [15]. It 
is hypothesised that it is not only the average price but the maximum 
price (buyer’s reservation price) at which the most eager buyer is 
willing to pay or the minimum price (seller’s reservation price) the 
most eager seller is willing to sell at that is sought and determined in 
parallel at the exchanges. The traders, knowing there may be eager 
buyers and sellers, will then try to maximise immediate gains by 
obtaining, in their favour, the best price possible, away from the 
current market price. The price limits are captured by the ‘highest’ 
and ‘lowest’ prices recorded for each holding period. The reservation 
price or all-or-nothing price is defined as the minimum or maximum 
price at which the buy or sell order is valid.  

The rest of the paper is laid out as follows. Section 2 introduces 
extreme-value theory and its distributions. Section 3 develops the 
extremal expectations hypothesis. Simulations based on the 
hypothesis are illustrated and discussed in Section 4. Tests of 
goodness-of-fit used and the various distributions considered are 
defined and justified in Section 5. Section 6 describes the datasets 
and algorithms used to extract the data. Basic empirical findings are 
tabulated and graphed in Section 7. Section 8 summarises the 
empirical findings, followed by their implications for current financial 
theory and directions for future research. 

2. EXTREME VALUED DISTRIBUTIONS 

The purpose of the statistical theory of extreme values is to model 
observed extremes—an extreme value is the largest or smallest 
number in a sample—in samples of some pre-specified blocksize. The 
essential conditions are that the phenomenon being measured is a 
random variable (stochastic) and the initial distribution from which 
the samples are drawn remains constant, and that the observed 
extremes are statistically independent. The distributions of extremes 
are characterized by certain statistics, such as means, modes, and a 
statistic called the expected extreme [29]. In extreme value work, 
emphasis is placed on the mode rather then the mean and on a scale 
parameter rather than the variance. 
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The exact distribution of the extreme values can be written as a 
function of the initial distribution and the sample size n [30]. The 
probability that all of n independent observations on a continuous 
variate are less than x is F n(x). This can be interpreted as the 
probability Fmax(x) that the largest amongst n independent 
observations is less or equal to x: 

(1)  Fmax(x) = F n(x).  

Hence given F(x) one can compute Fmax(x). The different functions 
Fmax(x) form a system of curves which shifts to the right for increasing 
n without intersection. Hence all quantiles, the modes and means of 
the largest value increase with n. 

Correspondingly, the probability 1-Fmax(x) that the smallest among n 
independent observations is less than x is obtained from: 

(2)  Fmin(x) = 1-(1-F(x)) n. 

If the initial variate is unlimited, the extremes are also unlimited. 

The density functions fmax(x) and fmax(x) of the largest and the smallest 
values are found by differentiation and are: 

(3)  fmax(x) = n * F(x) n-1* f(x); and 

(4)  fmin(x) = n * (1-F(x)) n-1* f(x). 

For increasing sample sizes, the curves representing consecutive 
distributions of extremes have different shapes (with intersections). 

If the initial distribution is symmetrical about median zero, the 
cumulative distribution of extremes is no longer symmetrical since 

(5)  1-Fmax(x) ≠ Fmax(-x); and 

(6)  1-Fmin(x) ≠ Fmin(-x). 

Hence, the process of taking extremes introduces asymmetry. In 
contrast, the largest and smallest values of a symmetrical distribution 
are mutually symmetrical: 

(7)  1-Fmin(-x) = Fmax(x); and 

(8)  fmax(x) = fmin(-x). 

If the initial distribution is asymmetrical other rules apply but are not 
immediately relevant to the focal idea presented in this paper. 
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2.1 MIXTURE OF EXTREMES 

Given fmax(x) = n * F(x) n-1* f(x); and fmin(x) = n * (1-F(x)) n-1* f(x), the 
mutually symmetrical mixture distribution of extremes is given by: 

(9)  fmix = (fmax(x) + fmin(x))/2  

= n* f(x) *[ F(x) n-1+(1-F(x)) n-1 ]/2. 

The existence of moments for the extremes and mixtures of extremes 
is closely related to the existence of corresponding moments for the 
underlying variate. 

(10)   M mmax(x) = ∫ x m * fmax(x)dx; and 

(11)   M mmin(x) = ∫ x m * fmin(x)dx. 

For most initial distributions integration is impossible and numerical 
methods are required. 
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Figure 1: Mixture of extremes. 

The illustrations in Figure 1 assume a normal distribution and show 
the extreme-value (maxima and minima) distributions for blocksizes n 
= 1,..,10. These various distribution equally are mixed equally as per 
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Equation (9). In Figure 1, the top-left plot shows the distributions as 
separate superpositions. The top-right plot above exhibits the first 
four moments (numbered 1,2,3,4) of the mixed-distributions. For the 
mutually symmetrical extremes, the mean and the skewness is zero. 
However, the variance and kurtosis increases with increasing 
blocksize for the mixed-distribution.  For the asymmetrical extremes, 
the 1st moment increases and the remaining three moments decrease 
with increasing blocksizes. This basically describes the moment 
characteristics of the extremes derived from a normal distribution. 
The behaviour of the moments of mutually unsymmetrical extremal 
distributions is then quite easily extrapolated. 

Hence mixtures of extremal distribution induce symmetrical and 
asymmetrical properties to vary depending on the mixing parameters 
and the individual asymmetries. Variance and kurtosis increase with 
blocksize for symmetrical extremes. For asymmetrical extremes, all 
four moments are non-stationary. 

The resulting mixture distribution can be either unimodal or bimodal 
depending on the distance between the locations of the two extreme 
value distributions. For unimodal distributions, Dubey showed that 
the resulting distributions of extreme-valued mixtures tend to be 
logistically distributed [31]. 

2.2 CONVOLUTION OF EXTREMES 

Another relevant characterisation is the distribution of the midrange 
of extremes, also known as the convolutions of extremes. The 
asymptotic distribution of the midrange for the mutually symmetrical 
distributions of the exponential type may be obtained from the 
convolution of the distribution of the extreme values and was proven 
by Gumbel to be asymptotically the logistic distribution [30, 32]. 

Let the original quantities be xmax and xmin and the sum be 

(12)  u = xmax + xmin   

Assume that the original variables are independent. In this case the 
joint probability density is the product of the individual densities. 

(13)  f(xmax, xmin) = fmax(x) * fmin(x) 

Now the distribution function of u, F(u) = P( u < u) = P( xmax + xmin < u), 

is obtained by the integration of (14) 

(14)  F(u) = ∫∫ fmax(x) * fmin(x) dx dx  

= ∫∫ [ n * F(x) n-1* f(x)] * [n * (1-F(x)) n-1* f(x)] dx dx 
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Differentiation gives the probability density for u, 

(15)  f(u)  ≡  cn F(x) n  *[1-F(x)] n  

which, for a symmetric F(x),  is analogous to the logistic distribution. 

It is now possible to proceed with the development of the extremal 
expectations hypothesis. 

3. EXTREMAL EXPECTATIONS 

What then are the factors that determine the evolution and 
distribution of stock prices? The classical economics paradigm 
considers the intersection of supply and demand curves as the prime 
factor in determining prices of securities. The mechanics of price 
formation is considered irrelevant. The simplicity and generality of this 
approach is exemplified by the rational expectations hypothesis, 
which implicitly assumes that trading behaviour is irrelevant. 
Equilibrium prices are assumed instantaneously and costlessly 
attainable without considering any non-equilibrium conditions.  

However, trade takes place because agents differ in beliefs [33] and 
preferences indicating beliefs and preferences cannot be homogenous. 
Grossman [34] argued that preferences are not a major factor in 
explaining the magnitude of trade in speculative markets. Hence 
beliefs must differ to make a market. Heterogeneous beliefs can be 
group into two regimes - those who believe the asset will go up and 
those who believe that the asset will go down. In short, the beliefs 
result in buy (and/or hold) and sell decisions or dichotomous 
decisions. Mutually exclusive decisions result in biased beliefs and 
dichotomous expectations. 

Rubenstein [35] argued that even in a rational market investors may 
be quite uncertain and mistaken about the views and positions of 
other investors and “they are not mistaken on average, of course, but 
frequently turn out after the fact to have been optimistic or 
pessimistic.” He further defined this as endogenous uncertainty, 
where stock prices react to information about the characteristics of 
other investors [36],[22]. 

Demsetz [37] examined the behaviour of prices in stock markets and 
considered multiple equilibriums based on the immediacy of trades: 

“At any point in time there were two possible sources of supply 
and demand in the market. On the demand side, there is one 
demand arising from agents who want to buy immediately, and 
another coming from traders who want to buy but do not feel 
the need to do so immediately. The supply side is defined 
analogously. If there is an imbalance of traders wanting to buy 
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now, then either some buyers have to wait for sellers to arrive, 
or they can offer a higher price to induce waiting sellers to 
transact now. Similarly, if there is an imbalance of sellers 
wanting to trade now, a lower price must be bid to induce more 
demanders to trade now.”  

This results in two pricing zones, not one, characterizing the 
equilibrium. Now there are two supply curves and demand curves 
reflecting the two time frames of the trading process. “The price 
depends on whether one wanted to buy or sell, and not simply on the 
willingness to trade” [38]. 

An increasing number of referenced works by current researchers 
seriously consider the possibility of extreme value theory being able to 
explain these anomalies [39-41]. However, much of the research has 
been focussed on empirical work regarding the extremes. It is still 
generally felt that extreme value theory is only of relevance to measure 
and explain the exceptions rather than the norm [42]. 

The rational expectations hypothesis assumes that the subjective 
probability distribution of economic agents equals the objective 
probability distribution in the economy. The major findings from past 
studies of expectations data are the following: 

(a) Averages of expectations are more accurate than naive models 
and as accurate as elaborate econometric models; 

(b) Reported expectations generally underestimate the standard 
changes that actually occur. 

The rational expectations approach is more accommodating than 
perfect foresight models as it allows for uncertainty in economic 
systems and is superior to static or adaptive expectations models as it 
has lower forecast errors. However, it still has some shortcomings as 
in (b) above. Most empirical studies in economics and finance have 
been based on the rational expectations hypothesis [3] but these 
studies have revealed predictability in the volume of trading, the 
expectations of returns and the variability of returns [43].  The 
regularity and pronounced nature of these anomalies were and are 
persistent in financial literature. 

To explain these shortcomings and various anomalies, this paper 
reconstructs the hypothesis of rational expectations, allowing a more 
subjective rationality based on dichotomous priors. In the ensuring 
model, economic agents remain rational in the sense that their 
evaluations of the objective priors are correct, but they further revise 
their expectations in line with their trading positions. These revisions 
in expectations are based on the following additional assumption: 
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(a) Agents attempt to maximise their expected utility by adopting 
conditional posterior extreme valued subjective probabilities 
based on prior objective probabilities [44]. 

Economic agents use economists’ expectations together with their 
unique expected utilities to determine their trading positions. The 
utility function can either be profit-orientated or liquidity-orientated. 
Having determined their buy–sell positions it is logical they then 
decide to maximise their bid–ask expectations based on their 
immediacy of trade. This maximisation process is quantifiable using 
extreme value theory. 

Using extreme value theory and its family of distributions, it is now 
possible to proceed with the mathematical development of the 
extremal expectations hypothesis (EEH). In line with and continuing 
from Muth’s [3] seminal work, the first step is to modify the standard 
rational expectations formulations. 

3.1 PROPERTIES OF EXTREMAL EXPECTATIONS 

Let x be a continuous random variable that can take on any value. A 
density function f(x) then describes the probability of the various 
values x(1),…,x(n). Consequently, the expected value is defined as: 

(16)  E [x] = ∫ x * f(x) dx, 

with the limits of the random variable from minus infinity to plus 
infinity. Economic agents make their probability estimates based on 
information available at a particular time. Let the time be t-1, and let 
Ω(t-1) signify the information set that is available to economic actors at 
time t-1. Then the notation f(x| Ω(t-1)) stands for the conditional 
probability density for the random variable x(t), given information at 
time t-1.  

Thus, the conditional expectation is defined as: 

(17)  E[x(t)|Ω(t-1)] = ∫ x(t)*f(x(t)|Ω(t-1)) * dx(t), 

with the limits of the random variable from minus infinity to plus 
infinity. 

Let E[] be the objective expectation operator and Є[] be the subjective 
expectation operator. Assume dichotomous subjective expectations 
Єbid  and Єask with  Єbid  as the bid-expectations and Єask as the ask-
expectations. Then the average extremal expectation is defined as: 

(18)  Єbid[x(t)|Ω(t-1)]+Єask[x(t)|Ω(t-1)] = E[x(t)|Ω(t-1)]. 
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Now the forecast errors for the two dichotomous expectations are 
defined as: 

(19)  εask(t) = x(t) - Єask [x(t)| Ω(t-1)] and 

(20)  εbid(t) = x(t) - Єbid [x(t)| Ω(t-1)]. 

Under extremal expectations the two subjective forecast errors have 
different properties. The conditional expectation of the posterior 
forecast is not zero. The ask-forecast errors have positive bias: 

(21) E[εask(t)|Ω(t-1)] = Єask[x(t)|Ω(t-1)]-E[x(t)|Ω(t-1)] > 0. 

The bid-forecast errors have negative bias : 

(22) E[εbid(t)|Ω(t-1)] = Єbid[x(t)|Ω(t-1)]-E[x(t)|Ω(t-1)] < 0. 

The second property of the forecast errors is the orthogonal property 
whereby the bipolar forecast errors are uncorrelated with the 
information that is available to economic agents. Symbolically, the 
ask-forecast errors are uncorrelated with information in the 
information set Ω(t-1): 

(23)  E [εask(t)* Ω(t-1)| Ω(t-1)] = 0. 

Similarly, the bid-forecast errors are uncorrelated with information in 
the information set Ω(t-1): 

(24)  E [εbid(t)* Ω(t-1)| Ω(t-1)] = 0. 

Consequently, the joint expectations forecast errors are also 
uncorrelated with the information in the information set. 

(25)  E[ε(t)* Ω(t-1)|Ω(t-1)] = 0. 

However, the subjective distribution of expected returns is not equal 
to the objective distribution of expected returns as assumed under 
rational expectations. Assume agents know that the underlying 
objective probabilistic measure given as: 

(26)  fobj(x) = f(x). 

Then the bid- and ask-distributions are defined as: 

(27)  fask(x) = n * F(x) n-1* f(x); and 

(28)  fbid(x) = n * (1-F(x)) n-1* f(x). 
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As such the bid- and ask-subjective distributions will not be equal to 
the economists’ objective distributions: 

(29)  fobj(x) ≠ fask(x) ≠ fbid(x). 

The combined (mixture) subjective distribution is given by: 

(30)  fsbj(x) = { fask(x) + fbid(x) }/ 2; and 

(31)  fsbj(x) ≠ fobj(x). 
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Figure 2: Objective and subjective distributions 

Figure 2 illustrates the inequality between the underlying objective 
distribution and the subjective ask-distribution. Neither the means 
nor the variances are equal to the initial distribution. 

Also the bid- and ask-expectations thus obtained will not be equal to 
the prior objective expectation: 

(32)  E [f(x)] ≠ Єask [f(x)] ≠ Єbid [f(x)]. 

However, the average subjective expectation will be equal to the 
objective priors. 

(33)  E [f(x)] = E [ { fask(x) + fbid(x) }/2 ] = Є [f(x)]. 

Hence 

(34)  E [f(x)] = Є[f(x)]; 

where  Є[f(x)] = E[{n*F(x)n-1*f(x)+n*(1-F(x))n-1*f(x)} / 2]. 
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4. SIMULATIONS OF EXTREMES 

The Extremal expectations (EE) process is best illustrated by starting 
from the economist’s objective probability distribution of the 
disturbances, the normal distribution. An initial blocksize of 2 is 
assumed—the blocksize is the size of the sample taken for 
determining the extremals. 

Figure 3(a): Timeseries and density plots of rational expectations  

Figure 3(a) above shows the timeseries plot and density plot for 100 
data points generated from normal-pdf. The extremals are depicted by 
the up and down arrows. The extremals are close to the original data 
as the blocksize is assumed to be 2. Figure 3(b) below (left) shows 
qqplots of the bid–ask expectations. On the right are scatterplots of 
the same expectations with a lag of 1. No correlation is apparent 
between the expectations and the actuals. 
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Figure 3(b): Qq and scatterplots of rational expectations 
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Figure 4(a) below show the timeseries plot and density plot for 100 
data points generated from extremal-pdfs allowing for blocksizes > 2 
to occur. 
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Figure 4(a): Timeseries and density plots of extremal expecations 

Figure 4(b) below (left) shows qqplots of the bid-ask expectations. On 
the right are scatterplots of the same expectations with a lag of 1. 
Even though there are no correlations between the expectations and 
the actuals, there are noticeable ‘distortions’ in the expectations. The 
spread and asymmetry of the extremal outcomes apparent. 
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Figure 4(b): Qqplots and scatterplots of extremal expectations 

Further, this process of forming subjective expectations can be 
applied recursively once the initial decision is made to buy or sell. At 
least four such iterations can be identified: 
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(a) minimin iterations; 
(b) maximin iterations; 
(c) maximax iterations; and 
(d) minimax iterations.  

The minimin iterations are characterised as: 

(35)  fbid(x(i+1)) = n * (1-Fbid (x(i))) n-1* fbid (x(i)). 

The maximin iterations are defined as: 

(36)  fbid(x(i+1)) = n * Fbid (x(i)) n-1* fbid (x(i)). 

The maximax iterations are characterised as: 

(37)  fask(x(i+1)) = n * Fask(x(i)) n-1* fask(x(i)). 

The minimax iterations are defined as: 

(38)  fask(x(i+1)) = n * (1-Fask(x(i))) n-1* fask(x(i)). 

for i = 1,j; where j is the number of iterative expectations used. 

Hence, the extremal expectations hypothesis, like the rational 
expectations hypothesis, equates two distinct concepts: the subjective 
expectations and objective expectations. However, it is unlike rational 
expectations as the ‘dichotomous’ subjective expectations are equal 
not to the objective expectation, but to the conditional objective 
expectation of the extreme values dependant on the mutually 
exclusive buy–sell decisions and their corresponding immediacies. 

Figure 5 below illustrates the process mentioned above. On the buy 
side, one demand arises from agents who want to buy immediately, 
and another comes from traders who want to buy but do not feel the 
need to do so immediately. The supply side is defined analogously. An 
imbalance of traders wanting to buy now will cause some buyers to 
offer a higher price to induce waiting sellers to transact now. 
Similarly, if there is an imbalance of sellers wanting to trade now, a 
lower price will be bid to induce more demanders to trade now. This 
results in two price ranges, the minimax distribution for the 
immediacy of buying and the minimin distribution for the non-
immediate buyers. 
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Figure 5: Extremal and convoluted expectations 

Under extremal expectations, a rational seller will overestimate most 
of the time and a rational buyer will underestimate most of the time 
but will not overestimate or underestimate all of the time. Extremal 
investors are amongst the people who always see the glass as either 
half empty or half full, depending on their trading position. 

This is supported by the work of Shefrin and Statman [45] who 
hypothesised the existence of a split in the human psyche. One side of 
our personality is has a long-term perspective and the other side has a 
short-term outlook and seeks immediate gratification. The same 
approach can be used for extremal expectations. The short-term 
gratification is expressed as extremal expectations even though the 
long-term outlook is moderate or average. 
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Figure 6: Expectations versus volumes 

Figure 6 portrays at density and cumulated distributions for different 
transaction volumes (blocksizes). For the initial expectations, 
increasing volumes result in increasing volatility and larger extremal 
expectations. The iterated expectations result in the classical supply-
demand curves that give rise to cobweb-type equilibriums. 
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Figure 7: Iterated expectations 
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Figure 7 shows how recursive extremal expectations of the objective 
density function results in probability distributions with fat tails and 
peaked heads as suggested. Hence the observed shape of the 
distributions is the result of economic agents’ subjective distortions of 
the objective expectations formed by economists. 

The top-left plot in Figure 8 below is the superposition of the various 
expectations. The bottom-left panel is a time series plot of the said 
simulation shown as a random walk. The top-right plot is the density 
function for the returns. The distribution is fat-tailed and thin-headed 
i.e. the typical observed shape of return distributions. 
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Figure 8: The dis-entangling of extremal expectations 

The bottom-right panel of Figure 8 shows the separation of the 
expectations in a scatterplot. Classical theory only considers the 
portions as centred by the dashed target lines which is considered a 
normal scatter and is associated with purely rational traders. The 
extremal expectations process also generates extremal and central 
regimes and their corresponding processes. The central process 
reflects the immediacy of a subset of buy-traders and sell-traders and 
the extremal process reflects the non-immediacy of the remaining set 
of traders.  
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Figure 9: Dominating expectations 

The effect of asymmetrical extremal expectations is illustrated in 
Figure 9 above. A bullish realisation is obtained by giving a higher 
likelihood of occurrence to ask-expectations. A bearish realisation is 
obtained by assigning higher probabilities to bid-expectations. The 
effects are quite noticeable, with different market realisation resulting 
from the same innovations (disturbances). Hence the behaviour of 
prices is exogenously and endogenously influenced. The exogenous 
disturbances are due to uncertainty about the future. The endogenous 
uncertainty is due to the agents’ trading behaviour, independent of 
the trading mechanisms in place, but dependent on the order 
imbalances and transaction volumes. The process is both rational and 
extremal. 

1228



  AFBC2008   

  21

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                               
            

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 3 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 2 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 3

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 2

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

                                
           

        
       
       
       
         

                                                                                                          

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

sellers= 1 buyers= 1

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Returns

Pd
f

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

Symmetric /asymmetric pdfs

fm
in

m
ax

.s
sc

 

Figure 10: Buyer and seller combinations 

Figure 10 is based on the number of buyers and sellers. The last panel 
depicts the distribution when there is only one buyer and one seller, 
where one cannot expect extremalisation to occur. As the number of 
traders increase, we can expect the expectations to be maximised 
giving rise to the logistic distribution. 
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Figure 11(a): Scatterplot for normal quote intensity 

Another characteristic of the extremal expectations process is the 
influence of quote-intensity on the clearing prices. The quote-intensity 
affects the spread and hence the distribution of the clearing prices. 
The quote-intensity is a function of trading volume. Hence the 
volatility of the clearing prices is also a function of trading volume. 
Figure 11(a) shows the scatter for typical quote intensity (say 30 
quotes on each side). The up and down arrows are the quotes. The 
circles are the information set and the dark dots are the trades. The 
trades overlap the information set quote efficiently and it is scattered 
evenly across. A near normal or the logistic distribution is to be 
expected under such circumstances. 

Figure 11(b) shows the scatter for a low quote-intensity (say 15 quotes 
on each side). The trades are scattered unevenly over a wider area and 
a wide logistic distribution with fat-tails is can be expected under 
such circumstances. 
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Figure 11(b): Scatterplot for low quote intensity 
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Figure 11(c): Scatterplot for high quote intensity 
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Figure 11(c) shows the scatter for a low quote intensity (say 60 quotes 
on each side). The trades are scattered densely over a narrower range 
and a peaked logistic distribution with thin-heads can be expected 
under such circumstances. 

5. TESTS OF GOODNESS OF FIT 

A select number of distributions (discussed below) are fitted to the 
dataset and goodness of fit measures are computed to rank the fitted 
distributions. There are three tests used to test the goodness of fit of 
the theoretical distributions: the Chi-square test, the Kolmogorov-
Smirnov and the Anderson-Darling test. The ranking is carried out 
using each test in turn and the goodness-of-fit tests are carried out for 
every distribution. 

The Chi-squared statistic can be used for both continuous and 
discrete datasets. The weakness of this statistic is that the number 
and locations of the bins or intervals makes it quite arbitrary. The 
Kolmogorov–Smirinov statistic, used for continuous distributions, 
focuses on the middle of a distribution. The Anderson–Darling statistic 
focuses on the tails of a distribution. Taken together, these tests give a 
summary ranking of the goodness of fit of the proposed distributions. 

Several programs are available to undertake the exercise of fitting 
distributions. The results from applying the BestFit for Windows 
program to the sample data are reported here. The BestFit program 
[46] offers over 28 different distributions but many of these are 
inappropriate on a priori grounds. In the BestFit program, only four 
(4) symmetrical distributions are continuous and open ended at both 
extremities: Error-Function, Logistic, Normal and Student’s-t 
distributions. There are about 12 distributions that are continuous 
and open ended at the high end and bounded at the low end. Of these, 
four (4) asymmetrical distributions are selected based on preliminary 
goodness of fit tests and relevance: Extreme-Value, Log-Logistic, Log-
Norm and Erlang distributions. 

The BestFit program will fit any distribution to a sample by 
appropriate transformation. For example, the Chi-squared distribution 
has a lower bound of zero but can be fitted to data that includes the 
minimum value of –0.5 by adding .5 to every observation and then 
subtracting 0.5 from the fitted Chi-Squared value. Three distributions 
ranked by the goodness of fit to the empirical data are reported below. 

The Normal distribution needs no introduction. Its distribution is 
given by: 

(39)  f(x) = 1/sqrt(2πσ2) * exp[-(x-μ)2/2σ2] 
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The Extreme Value (EV) distribution is found in three forms, although 
the first is by far the most common. The EV distribution is given by: 

(40)  f(x) = (1/β) * exp[-(x-α)/β)] * exp[-exp[-(x-α)/β)] 

The Logistic distribution is not commonly used in modelling returns 
mainly because of the lack of explicit normative arguments for its 
consideration. This paper is an attempt to justify its use. Its 
probability distribution is given by: 

(41)  f(x) = exp[-(x-α)/β] / [b*(1+ exp[-(x-α)/β])2] 

The equations for the remaining distributions used are not illustrated 
here for reasons of brevity and can be found in the BestFit Manual 
[46] or any other advanced statistics textbook. 

The hypotheses to be tested are as follows: 

H1: For the ask-quotes: 

H0 = Extreme Valued pdf  > Alternative pdfs 

H2: For the bid-quotes: 

H0 = Extreme Valued pdf > Alternative pdfs 

H3: For the midquotes: 

H0 = Logistic pdf > Alternative pdfs 

H4: For the transacted prices: 

H0 = Logistic pdf > Alternative pdfs 
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6. DATASETS 

The Trade and Quote (TAQ) database was utilised for the intraday 
data. The TAQ contains intraday transactions data (trades and quotes) 
for all securities listed on the New York Stock Exchange (NYSE) and 
the American Stock Exchange (AMEX), as well as the Nasdaq National 
Market System (NMS) and Small Cap issues. The intraday 
transactions for ‘Heinz’ (NYSE) for 3 January 2002, was extracted for 
use in this paper. 

 

SYMBOL   EX    DATE           OPEN              CLOSE             HIGH                LOW          … 
HNZ        N      020102      41.300000      40.900000      41.300000      40.360000     
HNZ        N      020103      40.900000      40.730000      40.900000      40.200000     
HNZ        N      020104      40.730000      40.180000      40.730000      39.960000     
HNZ        N      020107      40.400000      40.160000      40.420000      40.010000     
HNZ        N      020108      40.120000      40.440000      40.580000      40.050000     
Table 1: The Master file 

 

@SYMBOL      DATE EX       TIME       BID              SIZE    OFFER      SIZE MODE QSEQ MMID 
HNZ             020103 N       93427     40.80000000     5     40.90000000     1  10   1184608      
HNZ             020103 N       93430     40.80000000     5     40.86000000     5  12   1184610      
HNZ             020103 N       93435     40.80000000     1     40.86000000     5  12   1184612      
HNZ             020103 N       93439     40.80000000     1     40.81000000     5  12   1184613      
HNZ             020103 N       93441     40.76000000     5     40.81000000     5  12   1184614      
HNZ             020103 N       93451     40.76000000    10     40.81000000     5  12   1184616      
HNZ             020103 N       93457     40.79000000     5     40.80000000     4  12   1184617      
HNZ             020103 N       93459     40.79000000     5     40.81000000     5  12   1184619      
HNZ             020103 N       93502     40.79000000     3     40.81000000     5  12   1184621      
HNZ             020103 N       93504     40.79000000     3     40.80000000     5  12   1184622      
HNZ             020103 N       93511     40.79000000     1     40.80000000     5  12   1184624      
HNZ             020103 N       93516     40.76000000    10     40.80000000    10  12   1184626      
HNZ             020103 N       93520     40.74000000    10     40.80000000    10  12   1184628      
HNZ             020103 N       93523     40.64000000     5     40.75000000    36  12   1184630      
HNZ             020103 N       93523     40.65000000     5     40.75000000    36  12   1184631      
HNZ             020103 N       93526     40.74000000    20     40.75000000    36  12   1184632      
Table 2: The Quotes file 

 

@SYMBOL      DATE    EX    TIME       PRICE               SIZE COND CR TSEQ    G127 
HNZ             020103 N       93423     40.90000000       22700       0   1184607   40 
HNZ             020103 N       93430     40.85000000        200          0   1184609   40 
HNZ             020103 N       93435     40.80000000        500 E       0   1184611   40 
HNZ             020103 N       93450     40.80000000        400          0   1184615   40 
HNZ             020103 N       93458     40.80000000        400          0   1184618   40 
HNZ             020103 N       93502     40.79000000        200 E       0   1184620   40 
HNZ             020103 N       93512     40.79000000        300 E       0   1184623   40 
HNZ             020103 N       93513     40.79000000        300          0   1184625   40 
HNZ             020103 N       93519     40.76000000       1000         0   1184627   40 
Table 3: The Trades file 
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Figure 12: Price scatterplots and distributions. 

The bid–ask expectations are shown in Figure 12, together with the 
transactions for a typical stock on a typical day. It can be inferred that 
the trade points are subsets of the bid–ask range which are implicitly 
subsets of the extremal expectations domain. The trade prices occur 
along the ‘trade-diagonal’ where ask and bids are matched and 
henceforth equal. The trades occur at the bid- or ask-points. The bid-
ask spread is the distance of the bid–ask points from the trade-
diagonal. The trade-prices can be inferred from the quote mid-points. 
However, expectations cannot be inferred from traded-prices or mid-
points of the bid–ask prices. The expectations are embedded in the 
bid-prices and ask-prices! Consequently, estimates of expectations 
can be obtained from the bid-ask quotes. 

Lee and Ready [47] provided a trade classification process using a pair 
of algorithms: the quote and tick method, which classifies 
transactions based on trade prices and quotes. The quote method 
compares the trade price to the last bid-ask quotes and classifies the 
trade as buyer or seller-initiated. The tick method uses the last 
transacted price as the reference for the buyer- or seller-dominance. 
Then the mid-quotes are classified as ‘buyer- or seller-dominated’.  
The tick method is adopted here for the mid-quote classifications. 
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Figure 13(a) TAQ sub-timeseries (subset) 

Figure 13(a), shows a subset of the daily data. The up and down 
arrows are the quotes, with the circles the clearing prices. The broken 
lines link the traded prices and the continuous lines link the quotes 
and the mid-quotes. It is clear that the transactions occur at the mid-
range points of the quoted ranges. 
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Figure 13(b) TAQ time series (fullset) 

Figure 13(b) is the same as 13(a) except it contains the full dataset. 
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Figure 14: Histograms of quotes and trades 

The histograms in Figure 14 depict the asymmetry and extremal 
tendencies of the trading process. The seller-expectations are 
positively skewed and the buyer-expectations are negatively skewed. 
The quote-returns envelop the actual transaction returns. The trades 
appear to occur at the mid-ranges of the mid-quotes. 
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Figure 15: Buyer–seller dynamics 

The dynamics of the trading process is more clearly illustrated as a 
probability density function and timeseries (Figure 15). The trades are 
symmetric, whereas the quotes are asymmetric with extremal 
tendencies. Trades usually occur at near-to-equilibrium. Trades far-
from-equilibrium can also occur, reflecting the actions of eager buyers 
or sellers (Figure 15). The trading process is such that though the 
quotes are bound towards the extremes, they are at the same time 
drawn towards the mid-points or the reference-prices. The reference-
prices need not be the equilibrium prices; in fact they are sometimes 
the far-from- or non-equilibrium prices. 
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7. EMPIRICAL FINDINGS 

The analysis of the Heinz dataset for 3 of January 2002 shows that 
the Logistic distribution is the preferred distribution over the other 
symmetrical-distributions considered for trades and quotes dataset; 
whereas the Extreme-Value distribution is preferred over the other 
asymmetrical-distributions for the bid-quotes and ask-quotes. The 
Kolmogorov–Smirnov and Anderson–Darling tests rank the 
distributions differently from the Chi-squared test. 

Tables 4 to 7 summarise the results of the three tests carried out on 
the Heinz dataset for the 3 January 2002. The values displayed are 
self-explanatory. 

The reader must note that all the distributions tested are rejected 
when tested for significance—where the probability is that the 
empirical distribution can be described by the theoretical distribution 
is below 0.05, the distribution is outright rejected. This is not 
surprising, as the fitted distributions are the standard versions and 
not their generalised versions; i.e. they are limited to the one- two- or 
three-parameter versions of the family of distributions investigated. 
The purpose of this paper is to highlight the relevance of the EEH and 
to introduce the Logistic distribution as a ‘rational’ alternative to the 
Normal distribution. For all purposes the Logistic is very nearly 
Normal; but the difference is in the tails. 

Generalised versions (if any) of the distributions tested would be likely 
candidates for future research. (The hypothesis of a generalised 
logistic distribution is part of a sequel paper being developed by the 
author.)  
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 Input 
Distribution 

Logistic Normal Erf Student's T 

Parameter 1  -8.419372e-6 -8.419372e-6 1616.432313 2.0002e+4 
Parameter 2  2.396007e-4 4.374491e-4   
Parameter 3      
Formula  Logistic(-8.42e-

6,2.40e-4) 
Normal(-8.42e-
6,4.37e-4) 

Erf(1.62e+3) Student's 
T(2.00e+4) 

Minimum -2.500481e-3     
Maximum 1.97206e-3     
Mean -8.419372e-6 -8.419372e-6 -8.419372e-6 0.0 0.0 
Mode -2.461007e-5 -8.419372e-6 -8.419372e-6 0.0 0.0 
Median 7.792417e-6 -8.419372e-6 -8.419372e-6 0.0 0.0 
Standard 
Deviation 

4.374491e-4 4.345876e-4 4.374491e-4 4.374491e-4 1.00005 

Variance 1.913617e-7 1.888664e-7 1.913617e-7 1.913617e-7 1.0001 
Skewness -0.457554 0.0 0.0 0.0 0.0 
Kurtosis 7.454768 4.2 3.0 3.0 3.0003 
   Minimum -2.500481e-3 -2.500481e-3 -2.500481e-3 -2.500481e-3 -2.500481e-3 
   Maximum 1.97206e-3 1.97206e-3 1.97206e-3 1.97206e-3 1.97206e-3 
#Classes 28.0     
Interval Width 1.597336e-4     
Results      
Chi-Square      
   Test Value  267.546045 2.840362e+4 3.151094e+4 1.0e+34 
   Confidence  Rejected Rejected Rejected Rejected 
   Rank  1 2 3 4 
Kolmogorov-
Smirnov 

     

   Test Value  0.101872 0.114863 0.121922 0.499213 
   Confidence  Rejected * Rejected Rejected * Rejected * 
   Rank  1 2 3 4 
Anderson-
Darling 

     

   Test Value  21.550877 31.962605 31.87897 384.40235 
   Confidence  Rejected * Rejected Rejected * Rejected * 
   Rank  1 3 2 4 
 

Table 4: Statistics for trade dataset 

The Logistic is ranked unanimously as the best fit for the trades 
dataset as tabulated in Table 4. As the ‘empirical’ input distribution is 
not perfectly symmetrical and the symmetrical distributions 
considered lack the flexibility to fit the asymmetry. However, the 
objective of this paper is to justify the logistic as more appropriate 
assumption than the normal distribution based on a theoretical 
foundation using the argument of extremal expectations. A normal 
distribution would better support the hypothesis of rational 
expectations. Hence a logistic distribution or a logistic-type 
distribution indicates the presence and interplay of subjective 
expectations and objective expectations. 
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 Input 
Distribution 

Logistic Normal Erf Student's T 

Parameter 1  -4.178929e-5 -4.178929e-5 1830.328227 2.0002e+4 
Parameter 2  2.116005e-4 3.863279e-4   
Parameter 3      
Formula  Logistic(-4.18e-

5,2.12e-4) 
Normal(-4.18e-
5,3.86e-4) 

Erf(1.83e+3) Student's 
T(2.00e+4) 

Minimum -2.351819e-3     
Maximum 2.504365e-3     
Mean -4.178929e-5 -4.178929e-5 -4.178929e-5 0.0 0.0 
Mode -1.022634e-4 -4.178929e-5 -4.178929e-5 0.0 0.0 
Median -4.233371e-5 -4.178929e-5 -4.178929e-5 0.0 0.0 
Standard 
Deviation 

3.863279e-4 3.838008e-4 3.863279e-4 3.863279e-4 1.00005 

Variance 1.492492e-7 1.473031e-7 1.492492e-7 1.492492e-7 1.0001 
Skewness -0.015654 0.0 0.0 0.0 0.0 
Kurtosis 6.256246 4.2 3.0 3.0 3.0003 
   Minimum -2.351819e-3 -2.351819e-3 -2.351819e-3 -2.351819e-3 -2.351819e-3 
   Maximum 2.504365e-3 2.504365e-3 2.504365e-3 2.504365e-3 2.504365e-3 
#Classes 68.0     
Interval Width 7.141447e-5     
Results      
Chi-Square      
   Test Value  1226.227052 2.848559e+6 1.500982e+6 1.0e+34 
   Confidence  Rejected Rejected Rejected Rejected 
   Rank  1 3 2 4 
Kolmogorov-
Smirnov 

     

   Test Value  0.066962 0.090318 0.113158 0.499094 
   Confidence  Rejected * Rejected Rejected * Rejected * 
   Rank  1 2 3 4 
Anderson-
Darling 

     

   Test Value  63.570956 131.803569 181.937273 3631.992055 
   Confidence  Rejected * Rejected Rejected * Rejected * 
   Rank  1 2 3 4 
 

Table 5: Statistics for quotes dataset  

Table 5 also confirms the dominance of the logistic distribution over 
the other symmetrical distributions considered for the quotes dataset. 
The main finding is that the logistic is a better fit than the normal 
distribution. 
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 Input 
Distribution 

ExtremeValue LogLogistic Erlang Lognorm 

Parameter 1  1.677451e-4 -2.500481e-3 18.0 3.02848e-3 
Parameter 2  5.420904e-4 2.884771e-3 1.675512e-4 7.852338e-4 
Parameter 3   7.099052   
Formula  ExtremeValue(

1.68e-4,5.42e-
4) 

LogLogistic(-
2.50e-3,2.88e-
3,7.10) 

Erlang(18.00,1
.68e-4) + -
2.54e-3 

Lognorm(3.03e
-3,7.85e-4) + -
2.54e-3 

Minimum -2.500481e-3   -2.535276e-3 -2.535276e-3 
Maximum 5.576564e-3     
Mean 4.806451e-4 4.806451e-4 4.806451e-4 4.806451e-4 4.932038e-4 
Mode 2.2825e-4 1.677451e-4 2.713125e-4 3.130939e-4 2.115998e-4 
Median 3.160861e-4 3.664282e-4 3.8429e-4 4.249823e-4 3.96266e-4 
Standard 
Deviation 

6.95258e-4 6.95258e-4 7.934148e-4 7.108595e-4 7.852338e-4 

Variance 4.833837e-7 4.833837e-7 6.29507e-7 5.053213e-7 6.165921e-7 
Skewness 0.965281 1.139547 0.992402 0.471405 0.79528 
Kurtosis 5.805258 5.4 5.050062 3.333333 4.145281 
   Minimum -2.500481e-3 -2.500481e-3 -2.500481e-3 -2.500481e-3 -2.500481e-3 
   Maximum 5.576564e-3 5.576564e-3 5.576564e-3 5.576564e-3 5.576564e-3 
#Classes 37.0     
Interval Width 2.182985e-4     
Results      
Chi-Square      
   Test Value  1.0e+34 4.160408e+5 4.036312e+12 4.124197e+26 
   Confidence  Rejected Rejected Rejected Rejected 
   Rank  4 1 2 3 
Kolmogorov-
Smirnov 

     

   Test Value  0.061479 0.072957 0.069924 0.09185 
   Confidence  Rejected Rejected * Rejected * Rejected * 
   Rank  1 3 2 4 
Anderson-
Darling 

     

   Test Value  13.939737 15.686753 16.687669 23.769885 
   Confidence  Rejected Rejected * Rejected * Rejected * 
   Rank  1 2 3 4 
 

Table 6: Statistics for ask-quotes/trades dataset 

Table 6, lists the results of fitting asymmetrical distributions to the 
ask-quotes which proxy for the ask-expectations. Here the dominant 
distribution is the Extreme-Value distribution. As the difference in the 
test statistics is not significant, indicating that any of the distributions 
tested can be used for empirical representation. However, the 
Extreme-Value distribution is the only one supported by the 
established statistical theory of order statistics and the extremal 
expectations hypothesis proposed in this paper. 
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 Input 
Distribution 

ExtremeValue Erlang LogLogistic Lognorm 

Parameter 1  2.135321e-4 13.0 -1.97206e-3 2.521078e-3 
Parameter 2  5.350038e-4 1.929565e-4 2.374197e-3 7.5912e-4 
Parameter 3    5.799762  
Formula  ExtremeValue(

2.14e-4,5.35e-
4) 

Erlang(13.00,1.
93e-4) + -
1.99e-3 

LogLogistic(-
1.97e-3,2.37e-
3,5.80) 

Lognorm(2.52e
-3,7.59e-4) + -
1.99e-3 

Minimum -1.97206e-3  -1.986093e-3  -1.986093e-3 
Maximum 4.086855e-3     
Mean 5.223416e-4 5.223416e-4 5.223416e-4 5.223416e-4 5.349851e-4 
Mode 1.707267e-4 2.135321e-4 3.293851e-4 2.637451e-4 2.272471e-4 
Median 4.11129e-4 4.096178e-4 4.583242e-4 4.02137e-4 4.279236e-4 
Standard 
Deviation 

6.86169e-4 6.86169e-4 6.957145e-4 8.304163e-4 7.5912e-4 

Variance 4.708279e-7 4.708279e-7 4.840187e-7 6.895913e-7 5.762632e-7 
Skewness 1.300892 1.139547 0.5547 1.229958 0.930629 
Kurtosis 4.71873 5.4 3.461538 5.831003 4.578516 
   Minimum -1.97206e-3 -1.97206e-3 -1.97206e-3 -1.97206e-3 -1.97206e-3 
   Maximum 4.086855e-3 4.086855e-3 4.086855e-3 4.086855e-3 4.086855e-3 
#Classes 41.0     
Interval Width 1.477784e-4     
Results      
Chi-Square      
   Test Value  8.076428e+17 4.609003e+9 1.815464e+4 4.691321e+23 
   Confidence  Rejected Rejected Rejected Rejected 
   Rank  3 2 1 4 
Kolmogorov-
Smirnov 

     

   Test Value  0.049821 0.072073 0.084124 0.083653 
   Confidence  Rejected Rejected * Rejected * Rejected * 
   Rank  1 2 4 3 
Anderson-
Darling 

     

   Test Value  14.664363 31.764702 29.671457 35.622129 
   Confidence  Rejected Rejected * Rejected * Rejected * 
   Rank  1 3 2 4 
 

Table 7: Statistics for bid-quotes/trades dataset  

Table 7 examines the bid-quotes and finds similar results as in Table 
6. The log-logistic is a close contender but is only useful for the 
‘maxima’ and ‘minima’. Again the normative theory (EEH) indicates 
the Extreme-Value to be the preferred choice. 
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Comparison of Input Distribution and Logistic(-8.42e-6,2.40e-4)

Values in 10^-3
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Figure 16(a): Logistic fit for trades data 

The pdf above is for the trade-returns and shows the fitted and 
observed returns for the Heinz trade dataset. The preferred pdf is the 
logistic. 

 

Comparison of Input Distribution and Logistic(-6.60e-5,2.36e-4)
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Figure 16(b): Logistic fit for quotes data 

The above distribution is for the mid-quote returns. The quotes 
preferred pdf is also the logistic. 
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Comparison of Input Distribution and
ExtremeValue(1.68e-4,5.42e-4)

Values in 10^-3
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Figure 16(c): Extreme-Value fit of bid-quotes 

The preferred pdf is the Extreme-Value distribution. 

 

Comparison of Input Distribution and
ExtremeValue(2.14e-4,5.35e-4)

Values in 10^-3
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Figure 16(d): Extreme-Value fit of ask-quotes 

The preferred pdf for the ask-quotes is the Extreme-Value 
distribution. 
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8. CONCLUSIONS 

The extremal expectations hypothesis (EEH) proposed in this paper 
resolves a number of observed anomalies and behaviour of securities 
prices.  

First, behavioural finance (subjective) and classical finance (objective) 
are merged to explain the observed price behaviour. The economists’ 
expectations are embedded in the returns generation process, but 
economic agents’ beliefs and perceptions of prices are allowed and 
seen to influence the outcomes. 

Second, the use of Extreme-Value Theory (EVT) to describe the 
probability distributions of expectations and observed prices allows 
both the heads and tails of extreme-valued outcomes to be quantified. 
The extremal expectations hypothesis is also supported by the work of 
Kahneman and Tversky [48, 49] who “found that the valuation of a 
risky opportunity appears to depend far more on the reference point 
from which the possible gain or loss will occur than the final value of 
the assets” [50]. In an informationally efficient market, the best 
estimate of the future price of an asset is its current price. The 
current price then becomes the current reference point. The buyer 
and the seller then determine the expected maximum possible gain or 
minimum loss that can occur from this reference point. 

Third, the paper supports the hypothesis of Demsetz [37] who 
suggested two types of traders (agents): immediate and non-
immediate. The proportions of these two types are time variant and 
can influence the trade-price dynamics.  

Fourth, market efficiency is shown to be transitory. Only when 
rational traders dominate the market will the market be efficient. 
Extremal traders can make the markets inefficient. The increased 
volatility and the varying skewness and kurtosis that arise because of 
extremal expectations are additional features of the hypothesis. The 
trading process under extremal expectations can endogenously distort 
the objective exogenous distributions rationally determined by 
economists. 

Fifth, the EEH hypothesis proposes a direct non-linear relationship 
between expectations and volume, and hence observed returns and 
volumes. As volumes tend to be auto-correlated, then returns will be 
found to be auto-correlated. Volume also forms clusters in time and 
as such volatility will also be clustered. This is a possible area for 
further research. 

Sixth, if the hypothesis is correct, then the statistical measures of 
variance, volatility and beta as the standard measures of risk become 
suspect. As the resulting price change distributions tend to be 
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convolutions of distributions with asymptotic logistic properties, the 
logistic distribution should be the preferred choice for describing asset 
returns. This convolution of expectations, if not taken into 
consideration can cause ‘apparent anomalies’ to appear in many 
empirical studies. The logistic distribution is also shown to be a better 
fit for depicting stock returns. This distribution has been previously 
fitted to stock returns by other researchers who have found it to be 
better than the normal distribution for describing returns [13],[51] 
and [11].  

In conclusion, the classical models of rationality specify how economic 
agents make decisions under uncertainty and what the world would 
be like if agents in fact behaved as specified [50]. For financial 
markets this specification is incomplete. Keynes’ ‘degrees of belief’ is 
more prevalent in our decision making than Pascal’s ‘triangle of 
probabilities’. Market participants display extremal expectations prior 
to the trade. They take into consideration common components of 
prior uncertainty but generate independent and mutually posterior 
expectations. This behaviour is consistent with assumptions of 
rational behaviour and the EEH is the consequence of the attempt to 
explain the seemingly irrational behaviour of market participants.  
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APPENDIX A 

THE SIMULATION MODEL 

[A] 

generate extreme-values for buy and sell based on last transacted price 
(say 7 values each); 

[B] 

sort the bid and ask quotes; find max(bid) and min(ask) 

Use the rnmax() and rnmin() functions to keep things basic and simple. 
Then sample 7 point-orders from the order function. This is the voting 
machine method.  

Volume is assumed constant. 

[C] 

if( max(bid) > 0) and (min(ask) < 0) transact at last price or zero (price of 
immediacy); drop both quotes; joint-immediacy. 

else 

if (min(ask) < 0) and (min(ask) < max(bid) transact at bid; drop bid; 
seller-initiated trade; seller-immediacy. 

else 

if (max(bid) > 0) and (max(bid) > min(ask)) transact at ask (immediacy 
and the cause of high-humps); drop ask; buyer-initiated trade; buyer-
immediacy. 

else 

 if max(bid) > min(ask), then transact at last price; drop both; joint-
immediacy. 

else 

if (max(bid) < min(ask), then transact anywhere within the spread (non-
immediacy and cause of fat-tails); drop bid or ask based on proximity; 
buyer or seller-dominated and initiated. 

Goto [B] 

if and side <= 0; Goto to [A]. 
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The above sequence of panels, top-down left-right, show the 
sequences of bid-ask expectations and traded prices using the 
immediacy-model. The prices fluctuate not because of new 
information but because of basic trading rules. 
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Abstract 

Australia’s community-based banks appear to be successful in communities 

where they are not the only bank.  Using legitimacy theory and the theory of 

embeddedness as a framework, this study explores the importance of connectedness to 

and engagement with the local community as a way of legitimising a community-

based bank’s activities.   

An exploratory survey of community bank customers found community 

involvement to be significant factor in a respondent’s decision to bank with a 

community-based bank.  Additionally, the study suggests that fulfilment of a social 

contract between banks and customers is important and customers expect banks to 

legitimise their activities by contributing to local community projects.  Finally this 

research suggests that customers of community-based banks see the nature of their 

service experience and how they as customers are made to feel as being the strength 

of community- based banks. 

 

Key Words: community banks, legitimacy theory, embeddedness, success 
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Why are Community Banks in Australia successful – an Exploration? 

1 Introduction 

Three distinct community-based banking models currently operate within the 

Australian market place.  These are Bendigo Community Bank®, Heritage 

Community Branches and Bank of Queensland’s Owner-Managed branches.  While 

each model differs in its legal ownership structure they all engage to some extent in 

community partnership activities (Bendigo Bank, 2006, Bank of Queensland, 2007b, 

Heritage Building Society, 2007b).   

There is a general perception among the community at large that these 

community-based banks are very successful and in fact different compared to other 

traditional major financial institutions operating in Australia.  Community-based 

banks grew in popularity in Australia as major financial institutions withdrew from 

many communities by closing branches.   In fact community-based banking has been 

described as restoring banking services to communities who in many cases have been 

abandoned by the major intuitions (Parliamentary Joint Committee on Corporations 

and Financial Services, 2004 ).  More recently however, community-based banks have 

also been established in communities where several banks already have a presence.   

While it is perhaps easy to understand why a community-based bank may be 

successful if it is the only bank within reach of a community, why community-based 

banks also appear to be successful in communities where they are not the only 

financial institution is worth of exploration.   

This research explores possible reasons for the success of Australian 

community-based banks by extending the application of existing theories previously 

not applied to community-based banking.  It further presents the results of an 
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exploratory survey that supports the extension of existing theories to explain 

community-based bank success.   Section 2 reviews the current literature on factors 

influencing business success, particularly the success of co-operatives and 

community-based banks.  Section 3 details the methodology followed in this research 

while Section 4 explores the findings and discusses them in the light of the current 

literature.  Finally, Section 5 presents the conclusions.  

2 Literature Review 

Within the realm of management, marketing and economics literature many 

theories have been advanced as to the reasons for business success.   For example, 

Hafer and Gresgan (2008) propose that luck may play a role too important to ignore in 

business success, while several other researchers suggest that economic performance 

and decisions of firms may be positively or negatively impacted by non-economic 

factors such as social and relational structures and interactions between people and 

communities as proposed by the theory of embeddedness (Granovetter, 1985, Uzzi, 

1996, Uzzi, 1997, Zukin and DiMaggio, 1990, Gaggio, 2006, Dequech, 2003).   

Granovetter (1985) has used the theory of embeddedness to try and explain how social 

structures, relations and the human element temper or impact the pure economics of 

business.  The concept is well summarised by Gaggio (2006) when he described 

embeddedness as “a way of denoting communitarian ties.”   

Legitimacy theory with its origins in early philosophy introduces the concept 

of a social contract.  The theory suggests that organisations have a social contract with 

the community at large, which requires them to conduct their activities in a manner 

that conforms to the present day norms of society if they are to be considered 

legitimate operations and be successful (Deegan, 2007, Branco and Rodrigues, 2006).  
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This study explores the application of legitimacy theory and embeddedness to the 

success of community-based banks in Section 4. 

Recently a body of literature has emerged exploring the factors that influence 

the success of banks, and even more specifically the success of community banks, and 

co-operatives.  While only Heritage Community Branches can technically be classed 

as a co-operatives because of their legal structure, that is, they have members rather 

than shareholders, (Heritage Building Society, 2007b, Heritage Building Society, 

2007a) Bendigo Community Bank® and  Bank of Queensland’s Owner-Managed 

branches share a similar ideology in regards to community involvement (Bank of 

Queensland, 2007a, Bendigo Bank, 2006).  

Streeter (2002) proposes that even in an era of globalisation, while it can be 

argued that banks deal in the commodity of money, unlike other industries dealing in 

commodities, success of a community bank is still largely linked to a local community 

(Streeter, 2002).  He further argues that to be successful a community bank must grow 

market share by demonstrating local commitment and involvement, respecting local 

authority, having customer knowledge and finally financial capacity (Streeter, 2002).  

While large financial institutions face a challenge when it comes to appearing to be 

local Streeter (2002) suggests that franchising branches may be one way of 

overcoming this challenge (Streeter, 2002). 

O’Sullivan (2002) examines franchising branches, using Abbey National, 

Britain’s firth largest consumer bank as an example of how large banks may appear 

local, and notes that as at 2002 Abbey National had franchised 40 of its 750 branches.  

These franchised branches appeared more profitable, possibly because of the level of 

personal commitment and resources that the individual managers invest.  

Interestingly, O’Sullivan (2002) notes that Bank of Queensland, a community-based 
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bank in Australia has been successfully franchising branches for many years.  Bank of 

Queensland operates Owner-Managed branches under its franchise model.  Under this 

model a banking professional opens their own individual banking business while the 

Bank of Queensland Ltd provides banking license coverage for each individual 

Owner-Managed branch.  These banking businesses rely on the motivation of 

individual owners for success (Rance, 2006).  “The manager owns the branch and 

consequently there is a strong incentive for him or her to develop close links with the 

customers” (Bank of Queensland, 2006). 

Kargar, Javad, Blumenthal and Robert (1994)  explore the importance of 

strategy implementation in the success of small community-based banks.  They found 

that small banks that experience few problems during strategy implementation are 

more successful than those that encounter more implementation problems (Kargar et 

al., 1994).   

Perhaps the most enlightening research into the attributes that contribute to the 

success of community-based banks is one that explored the organisational 

characteristics of successful co-operatives (Carr, Kariyawasam and Casil, 2008).   Co-

operatives have several unique features.  For example they are usually made up of a 

group of people or organizations with a common goal and are formed to deliver 

benefits to their members.  The International Co-operative Alliance (ICA), the 

international peak body of co-operative organisations, defines a co-operative as “an 

autonomous association of persons united voluntarily to meet their common 

economic, social, and cultural needs and aspirations through a jointly-owned and 

democratically-controlled enterprise”(ICA).   Many co-operatives are not for profit 

organizations who return profits to their membership or in some way invest the profit 

for the benefit of their membership.   
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Carr, Kariyawasssam and Casil (2008) conducted in depth interviews with 17 

co-operatives.  Each co-operative was asked questions aimed at exploring the 

organisational characteristics associated with successful co-operatives, and the factors    

that affect the success of the co-operative.  For the purpose of their study success was 

defined long term survival, and growth in membership over a period of time.  The co-

operatives were from the agricultural, food, healthcare and telecommunication sectors 

(Carr et al., 2008). 

Their research explored the factors that led, not only to the successful 

establishment of a co-operative, but also to the continued success of the co-operative 

(Carr et al., 2008).  It found, that co-operatives from each sector, excluding health 

care, identified investing in the economic development of the local community as an 

important success factor.  Investment in the economic development and continued 

well-being of the community included providing scholarships to promote educational 

opportunities, providing a variety of safety programs for the communities and 

investing in the local community by buying locally grown produce, thereby 

supporting local farmers.  In summary it was found co-operatives strive to build and 

enhance the communities in which they are located (Carr et al., 2008). 

Additional factors identified as contributing to the success of the co-operatives 

included selecting an appropriate location to establish the physical co-operative, 

employing experienced and skilled managers and having a management team who are 

community minded and able to communicate effectively with their membership (Carr 

et al., 2008).  Financial stability, brought about by astute financial management, and 

having knowledgeable and friendly staff to meet member needs was also important in 

ongoing co-operative success.   Further, leadership was found to be an essential 
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characteristic of the management team of successful co-operatives who embraced 

change in order to keep member needs foremost (Carr et al., 2008).   

This study explores three research questions.  Firstly, can the application of 

embeddedness and legitimacy theory be extended to explain the success of 

community-based banking in Australia?  Secondly, can the findings of Carr et al. 

(2008), that identified  investment in and commitment to the local community as 

crucial to the establishment and continued success of co-operatives, be equally 

applied to Australian community-based banks?  Thirdly, can employing skilled and 

knowledgeable staff to meet member needs, identified by Carr et al. (2008) as a 

contributor to co-operative success,  also  be a factor in the success of Australian 

community-based banks? 

3 Methodology  

To facilitate an exploration of why Australian community-based banks appear 

to be so successful even where customers have the choice of several different banks, 

an exploratory survey of community-based bank customers was carried out.  Details 

of the population, sample selection, survey construction and administration are 

discussed in the following sections.  The results of the survey were analysed using 

SPSS for Window version 15 and are discussed in Section four below.   

3.1 Unit of Analysis 

The target population for this research was all Australians residents over 18 

years of age who have bank accounts and reside in nominated postcode locations.  

The subpopulation was those people from the above population who had bank 

accounts with the community-based banks.  Using data from the Australian Bureau of 

Statistics the target population in these postcodes was estimated to be approximately 

590,000 people.    Publicly available data from Roy Morgan Research estimates that 
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approximately 4.19% of the population hold bank accounts with community-based 

banks and therefore became part of the subpopulation being studied.   Using the above 

assumptions statistical calculations indicated a sample size of approximately 456 

should yield the minimum required number of valid responses, that is, approximately 

20 valid responses.  A total of 37 responses were received of which 35 were valid. 

Fifty postcodes from locations throughout all Australian States and Territories 

where community-based banks are located were selected and a random sample drawn 

from these.  Potential respondents were asked two initial screening questions namely, 

was the community-based bank the individual’s main bank, that is, the one with 

whom they have the most frequent contact, and secondly was the person an employee 

of the community-based bank.  If the answer to the first question was yes and the 

second no, the person was asked whether they would like to participate in the survey.  

If they wished to participate, name and address details were obtained from the 

respondent and a survey, covering letter and stamped self-addressed mailed to them.   

3.2 The Survey Instrument 

The survey instrument consisted of two parts, one designed to collect 

information on why customers selected a community-based bank and the second to 

collect information on how respondents rated the customer service quality, 

particularly the importance of having skilled, knowledgeable and friendly staff to 

provide the service.   

While measuring service quality, particularly in banks, has been the subject of 

much research over the years (Petridou, Spathis and Glaveli, 2007, Lehtinen and 

Lehtinen, 1991, Cronin and Taylor, 1992, Parasuraman, Zeithaml and Berry, 1988, 

Parasuraman, Berry and Zeithaml, 1994, Yavas, 2007), this research used a survey 

based on the SERQUAL model (Parasuraman et al., 1988, Parasuraman et al., 1994) 
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which after refinement by Cronin and Taylor became known as the SERVPERF 

model.  This survey instrument has been extensively tested in the banking industry 

(Cronin and Taylor, 1992, Cronin and Taylor, 1994).    

The survey consisted of twenty-two items which respondents were asked to 

score on a Likert scale of one to nine, one being “strongly disagree”, five being 

“neutral” and 9 being “strongly agree”.   A copy of the twenty-items is presented in 

Appendix A.    

4 An Exploration of the Survey Results 

Survey results were analysed using SPSS for Windows Version 15.  Separate 

analyses were performed to explore the reason for selection of a community-based 

bank and the service quality results. 

4.1 Reasons for Selecting a Community-Based Bank 

Respondents were required to tick all factors that influenced their decision to 

select a community-based bank from ten given possibilities.  The table below details 

the possible options and the number of respondents selecting each one.   

Table 1 - Reasons for Selecting a Community-Based Bank 

Reason 
Number of 

respondents 

Location of branch or ATM 27 

Previous experience 3 

Recommendation 5 

Products and services 7 

Reputation 13 
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Reason 
Number of 

respondents 

Advertising 0 

Interest rates 5 

Internet banking 3 

Community involvement 19 

Other 14 

 

These results are noteworthy for several reasons.  Firstly no respondents 

claimed to be influenced by advertising in their decision to bank with a community-

based bank.  Secondly, a significant number of respondents (27 out of 35) were 

influenced by the location of a branch or ATM, suggesting that while there are many 

delivery streams available these days, even in smaller community-based banks, 

customers still feel strongly about the availability of a branch and/or an ATM.  

Thirdly, respondents indicated another significant reason for selecting a community-

based bank was the community involvement of the bank, with 19 out of the 35 

respondents noting this was important in their selection of a community-based bank.  

 These findings appear to support the findings of  Streeter’s (2002) argument 

that although banks are engaged in buying and selling the commodity of money, 

success of a community bank is linked to the bank’s local commitment, involvement, 

authority and customer knowledge.  These results further suggest that the conclusions 

of Carr et al. (2008), that identified  commitment to the local community as crucial to 

the establishment and continued success of co-operatives, apply equally to the success 

of Australian community-based banks.  This appears logical as there are similarities 

between co-operatives and community-based banks. For example, all three Australian 
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community-based banks that is, Bendigo Community Bank®, Heritage Community 

Branches and Bank of Queensland’s Owner-Managed branches invest a greater or 

lesser proportion of their profits for the benefit of their local community which can be 

compared to a co-operative caring for its to the membership (Bank of Queensland, 

2007a, Bendigo Bank, 2006, Heritage Building Society, 2007a).   

Additionally, Carr et al. (2008) found that successful co-operatives invested in 

the economic development of the community thereby contributing to the building and 

enhancing of the communities in which they are located (Carr et al., 2008).  

Examining the sponsorships, donations and grants made to local community groups 

(Tongala & District financial Services Limited, 2007, Rye & District Community 

Financial Services Ltd, 2007, Bellarine Peninsula Community Branch Limited, 2007) 

by Australian community-based banks, as detailed in their Annual Reports, indicate 

that community-based banks are indeed contributing to economic development of the 

local community which appears to be an important factor in their continued growth of 

market share.   

Contribution to local community programs and projects by community-based 

banks is important in view of the literature on the theory of embeddedness and 

legitimacy theory.  According to embeddedess theory, economic decisions are 

influenced by non-economic factors such as social relations between structures, 

processes and communities or as otherwise described as general communitarian ties 

(Gaggio, 2006, Granovetter, 1985).  These results suggest that an individual’s 

decision to choose a community-based bank is influenced by the connectedness and 

involvement of the bank with the local community and that this is extending the 

application of the theory of embeddedness to selection of bank.   Community 

connectedness and involvement is a unique feature of all three community-based 
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banks in Australia in as much as they all contribute a portion of their profits to local 

community projects thereby demonstrating their communitarian ties and 

connectedness to the local community (Gaggio, 2006).   

While this study suggests that embeddedness of a bank within a community 

influences an individual’s choice, measuring embeddedness presents a challenge as it 

is an abstract concept.  These Australian findings suggest that the construct of 

community involvement as evidenced by contributions and grants to local projects 

might be one way of measuring a community-based bank’s embeddedness.   

Community involvement by the community-based banks may further be seen 

as a demonstration of their attempt to fulfil their social contract with the community 

in which they operate, thereby legitimising there activities in the eyes of the 

community (Deegan, 2007).   The significant proportion of respondents who report 

that they were influenced by whether or not the bank engaged in community 

activities, suggests that respondents expect part of the legitimate behaviour of a 

financial institution to involve contributions to, and involvement with the community.  

This supports Streeter’s (2002) proposition that although involved in buying and 

selling of a commodity, namely money, success of a community bank is to a great 

extent linked to a local community, particularly, local commitment and involvement 

(Streeter, 2002).   

4.2 Customer Service Quality Results 

Customer service quality of the community-based banks was measured using 

twenty-two items which respondents were asked to score on a Likert scale.  While an 

exploratory factor analysis would normally be used to ascertain the dimensional 

structure of the twenty-two items, the small sample size precluded this (Hair, 

Anderson, Tatham and Black, 1995).  Rather the scale was analysed for reliability and 
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internal consistency to ensure the variability in responses were the result of 

respondents having different opinions of the customer service quality they receive 

from their community-based bank, and not because they found the survey confusing.  

Both the overall alpha and the alpha for each individual item were consistently higher 

than .9 indicating a satisfactory scale reliability and internal consistency (Hair et al., 

1995, SPSS, 1999).  

The customer service quality survey was designed to gather information on 

how respondents rated the service quality they received, and to ascertain whether, 

from the customers’ perspective, employees were skilled, knowledgeable and friendly 

when dealing with customers.  Mean customer service quality scores for each of the 

twenty-two items are presented below.   

Table 2 - Customer Service Quality Results 

Items Mean 

Modern equipment and facilities 7.31 

Visually appealing facilities 6.94 

Employees have a neat, professional appearance 8.26 

Materials are visually appealing and informative 6.74 

Provides services as promised 7.40 

Dependably handles customers’ service problems 7.66 

Performs services correctly the first time 7.31 

Provides services at the promised time 7.66 

Maintains error free records 7.46 
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Items Mean 

Keeps customers informed about when services will be performed. 7.14 

Provides prompt service to its customers 8.11 

Is willing to help customers 8.54 

Is ready to respond to customers’ requests 8.23 

Employees instil confidence in customers. 8.14 

Customers feel safe in their transaction 8.23 

Employees are consistently courteous 8.63 

Employees have the knowledge to answer customer questions 8.00 

Gives its customers sufficient attention 8.31 

Employees deal with customers in a caring fashion 8.43 

Has the customer’s best interest at heart 8.03 

Employees understand the needs of their customers 8.03 

Has convenient business hours 8.43 

 

The above results reveal that customers of the community-based banks scored 

the physical items of “visually appealing and informative materials” the lowest (6.74 

out of a possible 9) followed closely by “visually appealing facilities” (6.94), while 

“employees are consistently courteous” received the highest score of 8.63, followed 

by “is willing to help customers” at 8.54 and “Employees deal with customers in a 

caring fashion” a close third scoring 8.43.  While based on a small sample size, the 

above scores tends to suggest that physical attributes are not the strength of 

community-based banks rather it is the nature of the customers’ service experience 
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and how customers are made to feel that are the strength of the community-based 

banks.  This is an extension to findings of previous research which has recognised 

how customers feel as an imperative in customer relationship management (Barnes, 

2000). 

5 Conclusions  

Three questions were explored by this research. Firstly, can the application of 

embeddedness and legitimacy theory be extended to explain the success of 

community-based banks in Australia?  Secondly, can the findings of Carr et al. 

(2008), that identified  investment in and commitment to the local community as 

crucial to the establishment and continued success of co-operatives, be equally 

applied to Australian community-based banks?  Thirdly, can employing skilled and 

knowledgeable staff to meet member needs, identified by Carr et al. (2008) as a 

contributor to co-operative success,  also be a factor in the success of Australian 

community-based banks? 

Firstly, on whether the application of embeddedness and legitimacy theory can 

be extended to explain the success of community-based banks in Australia, this study 

found community involvement by the bank to be a significant factor in respondents’ 

decision to bank with a community-based bank lending support to the idea that a 

community-based bank’s engagement with and involvement in the community are 

important success factors.  Additionally, the findings of this exploratory study suggest 

that fulfilment of a social contract between banks and customers is important and 

customers expect banks to legitimise there activities by contributing to local 

community projects thereby demonstrating their communitarian ties and 

connectedness to the local community (Gaggio, 2006).  As it appears to be the 

connectedness and community involvement of the bank that legitimises its activities 
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and operations in the minds of the customers, it is suggested that the construct of 

community involvement, as demonstrated by financial contributions and grants to 

community projects might be one way of measuring a community-based bank’s 

embeddedness.   

Secondly, on whether investment in and commitment to the local community 

found to be crucial to success of co-operatives, (Carr et al., 2008), this research 

indicates that these factors are equally important to the success of community-based 

banks.    

Thirdly, the high mean scores for the service quality items that relate to 

employees being courteous, knowledgeable, caring and willing to assist customers, 

extends the application of  previous findings (Carr et al., 2008) beyond co-operatives 

to Australian community-based banks.  

Finally, this research suggests that customers are not deterred from dealing 

with community-based banks because of physical attributes of equipment, facilities 

and materials, which appear not necessarily to be the strengths of the community-

based banks, rather they value the nature of the service experience and how they as 

customers are made to feel as being the strength of community- based banks. 
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Appendix A – Twenty-Two Customer Service Quality Measurement Items 

 

1. My bank has modern equipment and facilities 

2. My bank has visually appealing facilities 

3. My bank’s employees have a neat, professional appearance 

4. My bank’s materials such as pamphlets or brochures are visually appealing 

and informative 

5. My bank provides services as promised 

6. My bank dependably handles customers’ service problems 

7. My bank performs services correctly the first time 

8. My bank provides services at the promised time 

9. My bank maintains error free records 

10. My bank keeps customers informed about when services will be performed. 

11. My bank provides prompt service to its customers 

12. My bank is willing to hep customers 

13. My bank is ready to respond to customers’ requests 

14. My bank’s employees instil confidence in customers. 

15. My bank makes customers feel safe in their transaction 

16. My bank’s employees are consistently courteous 

17. My bank’s employees have the knowledge to answer customer questions 

18. My bank gives its customers sufficient attention 

19. My bank’s employees deal with customers in a caring fashion; 

20. My bank has the customer’s best interest at heart 

21. My bank’s employees understand the needs of their customers 

22. My bank has convenient business hours. 
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Abstract 

 
This paper examines the mispricing of Australian stock index futures. Exogenous and 

endogenous price volatility is confirmed to have a positive impact on the mispricing spread, 

after filtering out predictable time series components. More accurate pricing associated with 

surprise trading volume in the underlying stocks is consistent with arbitrageurs acting to 

narrow price disparities relative to the futures market. Ex-ante interest rate volatility is the 

primary source of risk faced by arbitrageurs and fluctuations in the market impact cost of 

opening index arbitrage positions influence the extent to which they drive prices towards 

theoretical fair values. 
 
JEL classification: G13, G14 

Keywords: Stock index futures, Arbitrage, Market efficiency 

 

1276



Electronic copy available at: http://ssrn.com/abstract=1252643

1. Introduction 

 
The price linkage between Australian stock index futures and the portfolio of shares in the 

underlying index is examined. It is generally accepted that this linkage is maintained by 

arbitrageurs (see MacKinlay and Ramaswamy, 1988). The purpose of this paper is to extend 

Brailsford and Hodgson’s (1997) analysis of stock index futures pricing based on the former 

Australian All Ordinaries Share Price Index contract. The paper analyses the pricing 

efficiency of SFE SPI 200™ Index futures that were introduced in May 2000 and are 

currently the most actively traded equity derivative in Australia. With the introduction of the 

new contract, the underlying index changed from a base of approximately 320 of the largest 

stocks to the 200 largest stocks traded on the Australian Stock Exchange. Mispricing is 

expected to be lower for the new contract due to more active trading in the constituent stocks 

(Butterworth and Holmes, 2000). The analysis is extended to incorporate the impact of 

unexpected volume in the underlying stocks, in addition to price volatility and unexpected 

volume in the futures market. The additional variable has not been widely analysed elsewhere 

and is included in the belief that spot market trading volume has an impact on the pricing 

efficiency of index futures. 

 
Further expanding upon previous research, the analysis controls for specific risks and 

transaction costs faced by arbitrageurs acting to exploit price discrepancies between the spot 

and futures markets (according to the cost-of-carry model). Prior research documents greater 

absolute magnitudes of mispricing for longer times to maturity (MacKinlay and Ramaswamy, 

1988; Yadav and Pope, 1990; 1994). Risks involved in executing arbitrage strategies, 

specifically interest rate volatility and dividend yield uncertainty, are included to resolve 

which of these risks deter arbitrageurs from driving prices towards theoretical levels further 

out from maturity. The existence of transaction costs implies that the price of the index 

futures can fluctuate within a band around its theoretical value without representing a profit 

opportunity for even the most favourably situated arbitrageurs (Modest and Sundaresan, 

1983). The influence of intraday variations in transaction costs represented by bid-ask 

spreads in the spot and futures markets and securities borrowing are estimated whereas 

previous mispricing studies have relied upon constant total transaction costs for different 

classes of investors (for example Chung, 1991). These extensions enable a more 

comprehensive examination of stock index futures pricing incorporating unexpected 

 1
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information arrival in conjunction with the relative efficiency of the arbitrage mechanism that 

transmits information between the spot and futures markets. 

 
1.1 Information transfer 

 
This paper further explores the impact on the mispricing series of the possibility that the 

stock and futures markets react to different information sets (the ‘differential information 

hypothesis’). In this context, the strength of the arbitrage pricing relationship for index 

futures reflects the efficiency with which information is transferred between stock and futures 

markets following its arrival in one of the markets. Hodgson, Masih and Masih (2006) 

provide evidence that substantial macroeconomic information flows from Australian stock 

index futures price changes and predicts subsequent movements in stock prices. It is likely 

that market-wide information is incorporated with greater speed in the futures market relative 

to the underlying stock market, if transactions costs are substantially lower and execution 

delays are shorter in the futures market. Consistent with the relative dominance of the futures 

market compared to the cash market in the price discovery process, Brailsford and Hodgson 

(1997) find that unexpected trading volume and the volatility of futures prices have a positive 

impact on the mispricing spread of Australian stock index futures.1 Conversely, individual 

stocks trading in the cash market are more likely to react to firm specific information (Chan, 

1992). 

 
The results of several studies demonstrate that the cost-of-carry relationship between spot and 

futures prices is disrupted by the arrival of significant information. Using daily data for cash 

and stock index futures markets in the United States, Merrick (1987) finds evidence of a 

strong causal flow from volatility to the cash/futures mispricing spread and Hill, Jain and 

Wood (1988) document a positive, contemporaneous relationship between mispricing 

changes and larger absolute index returns. Using executable prices for the index basket every 

thirty seconds in Hong Kong, Draper and Fung (2003) document a positive relationship 

between the mispricing of index futures and market volatility. These results imply that spot 

and futures prices respond to the arrival of new information at different speeds, causing the 

                                                 
1 Garbade and Silber (1983) demonstrate that the price discovery function of futures markets hinges on whether 
price changes in futures markets lead price changes in cash markets more often than the reverse. In particular, if 
the futures market dominates the cash market, any deviations from the carrying cost relationship between cash 
and futures prices will be narrowed by cash prices moving further towards futures prices than futures prices 
move towards cash prices. 

 2

1278



basis for the index futures contract to diverge temporarily away from the cost of carrying the 

index basket of stocks. 

 
Kumar and Seppi (1994) develop an information-based model of arbitrage, where the order 

flow itself is informative about intermarket price discrepancies. An empirical implication of 

their model is that index arbitrage is associated with ‘permanent’ price revisions. Providing 

support for the model, Neal (1996) finds arbitrage trades narrow the deviation from fair value 

and most trades involve a simultaneous submission of the stock and futures portions of the 

trade. It follows that one component of unexpected trading volume in the underlying stocks 

represents arbitrage trading that serves to narrow intermarket price discrepancies. Another 

component of unexpected volume represents trading to exploit stock-specific information that 

serves to widen intermarket price discrepancies, whenever the futures market is slower to 

respond to the stock-specific information than the cash market (see Frino, Walter and West, 

2000). This study tests which component of unexpected trading volume in the underlying 

stocks dominates in its impact on the mispricing spread of the index futures contract. 

Unexpected trading volume in the underlying stocks is predicted to widen the deviation from 

fair value, if trading on stock-specific information dominates the presence of arbitrageurs in 

the composition of the unexpected volume. That is, by estimating its impact on the mispricing 

spread, evidence is provided about the source of information arrival in the cash market. 

 
The trading hours of the Australian stock market do not overlap with the United States stock 

market, which allows the effect of overnight ‘public information’ arrival to be observed. 

Brailsford and Hodgson (1997) find that volatility of the overnight United States stock 

market has a consistent significant impact on the absolute pricing errors of Australian stock 

index futures at the opening of the local stock market. Higher mispricing at the opening is 

likely to be compounded by a microstructural feature of the Australian Stock Exchange 

(ASX); the opening price setting mechanism in the stock market entails staggered opening 

times for groups of stocks over the first nine minutes.2 

 

                                                 
2 See Comerton-Forde and Rydge (2006) for a detailed description of the opening price setting process on the 
ASX. 
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1.2 Risks faced by index arbitrageurs 

 
The positive association between the magnitudes of mispricing and time to maturity which 

has been documented in stock index futures markets is consistent with arbitrage being more 

risky further out from maturity (MacKinlay and Ramaswamy, 1988 in the United States; 

Yadav and Pope, 1990; 1994 in the United Kingdom). Arbitrageurs require greater 

compensation to act upon deviations from theoretical pricing levels when the risks they face 

are higher, permitting larger deviations to be sustained early in the futures expiry cycle. 

MacKinlay and Ramaswamy (1988) identify three of the risks that are greater with longer 

times until expiration: (i) the risk of unanticipated increases or decreases in dividends; (ii) 

unanticipated interest earnings or costs from financing the marking-to-market flows from 

futures positions; and (iii) attempts at arbitrage motivated trading that employ less than the 

full basket of stocks in the index must allow for a greater margin of error with longer times to 

expiration. This paper endeavours to disentangle which of the risks associated with index 

arbitrage activities have the most significant impact on futures contract mispricing. 

 
Existing research does not explicitly quantify the risk premium required by arbitrageurs on 

account of dividend yield uncertainty, except by considering worst case scenarios (Yadav and 

Pope, 1994). This study measures the uncertainty about the magnitude of dividends based on 

the dispersion of analysts’ forecasts for index constituent stocks.3 The likelihood of 

incorrectly predicting ex-dividend dates is also higher for longer times until maturity. The 

risk pertaining to the unknown timing of ex-dividend dates is especially relevant to the 

pricing of futures contracts, in cases when either dividends are delayed that were expected to 

have ex-dividend dates before the expiration of the contract or dividends are brought forward 

that were expected to be deferred until after the expiration of the contract. Despite the 

presence of these forms of dividend uncertainty, Yadav and Pope (1994) are unable to 

attribute the magnitude of mispricing they observe in FTSE 100 futures to dividend forecast 

errors. Their measure of the uncertainty surrounding the timing of future dividends focuses 

on the difference between the ex-dividend date and the actual dividend payment date, which 

does not capture the pricing consequences of firms rescheduling ex-dividend dates relative to 

previous years. This issue is addressed in this study by constructing an alternative measure of 
                                                 
3 Typically, market participants estimate future dividends by applying a percentage growth factor to past 
dividends and use corresponding ex-dividend dates from previous years. Analyst forecasts for the sizes of 
dividends spanning the period to futures expiry are less reliable further out, dependent upon early guidance from 
a greater number of firms. Additionally, special dividends can constitute a substantial fraction of total dividends 
and are difficult to predict. 
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the time to expiration based on dividend announcements over the remaining life of the futures 

contract. The announcement of dividend amounts and ex-dividend dates over the period to 

contract maturity represents the source of uncertainty relating to both the magnitude and 

timing of dividends. 

 
The application of the cost-of-carry model for forward prices to the pricing of futures 

contracts relies upon the assumption of non-stochastic interest rates (Cox, Ingersoll and Ross, 

1981). As an alternative, Ramaswamy and Sundaresan (1985) develop a continuous time 

model in which the stock index follows a lognormal diffusion process and the interest rate 

follows a mean-reverting process. Cakici and Chatterjee (1991) compare the pricing models 

with stochastic and non-stochastic interest rates for United States S&P 500 futures and 

conclude that the stochastic model gives significantly better results when the spot interest rate 

is far away from the long-term mean or when the speed of adjustment toward this long-term 

mean is very high. However, simulations provided by Modest (1984) suggest that stochastic 

interest rates and marking to market are likely to have a minimal effect on equilibrium futures 

prices. Bailey (1989) and Brailsford and Hodgson (1997) examine the empirical performance 

of the Ramaswamy-Sundaresan model in the Japanese and Australian markets, respectively, 

and find that the pricing errors are not substantially different from those of a simple cost-of-

carry model. These findings do not preclude interest rate volatility resulting in a widening of 

the arbitrage band for index futures prices, because arbitrageurs may require additional 

compensation to exploit pricing discrepancies between the cash and futures markets when 

they are exposed to interest rate risk. 

 
Interest rate risk arises from futures positions because the marking to market feature of 

contracts necessitates the daily reinvestment or borrowing of cash. Index arbitrageurs are 

further exposed to interest rate risk if the borrowing or lending they undertake to support the 

cash leg of their transactions does not match the maturity of the futures.4 The cost of 

continually rebalancing the maturities of cash and futures positions to neutralise this interest 

rate exposure may be prohibitive. Unanticipated changes in interest rates spanning the period 

to futures expiry are more likely to occur when starting further out. This paper investigates 

the dependence of absolute mispricing on the ex-ante estimate of interest rate volatility 

implied from interest rate option prices. Further, another alternative measure of the time to 

expiration is constructed based on the frequency of economic releases that influence interest 

                                                 
4 In practice arbitrage firms typically finance their activity on an overnight basis. 
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rate expectations over the remaining life of the futures contract. Macroeconomic news 

releases over the period to contract maturity represent a source of uncertainty concerning 

short-term interest rate expectations (Connolly and Kohler, 2004). 

 
MacKinlay and Ramaswamy (1988) provide evidence of countervailing forces that serve to 

establish a narrower trading band for index futures prices. Arbitrageurs’ option to unwind 

their positions prematurely introduces path dependence into the mispricing series (refer also 

to Kempf, 1998). That is, its distribution in the future is dependent on its behaviour in the 

past. In particular, MacKinlay and Ramaswamy document that conditional on the mispricing 

of S&P 500 futures contracts having crossed one arbitrage bound, it is less likely to cross the 

opposite bound. This phenomenon is consistent with arbitrageurs unwinding positions 

established when the mispricing was outside one bound before it reaches the other bound. It 

is optimal to close out these positions before putting on new arbitrage trades in the reverse 

direction. 

 
The option to close out early and thereby make an additional arbitrage profit may also make it 

optimal to open a new arbitrage position even when the simple arbitrage profit is less than the 

cost incurred in opening and closing the position at maturity (Brennan and Schwartz, 1990). 

Empirical evidence provided by Finnerty and Park (1988) implies that most program traders 

are better off not to hold their positions and unwind them at the expiration of the futures 

contract but instead to keep trading their positions until expiration. Neal (1996) finds 

arbitrage positions are typically liquidated early and very few are held to expiration. The 

early unwind option potentially mitigates the greater risks involved in arbitrage strategies 

further out from maturity.5 Arbitrageurs also obtain the option to roll their futures positions 

forward into the next available maturity. Merrick (1989) and Yadav and Pope (1990; 1994) 

find that early unwinding and rollovers are important determinants of arbitrage profits and 

explain why arbitrageurs can be active in the market even though prices are within 

conventionally-measured transaction cost bounds. Brailsford and Hodgson (1997) argue that 

the risk faced by arbitrageurs in a small volatile market like Australia may be lower than in 

larger and more liquid markets because the implicit option component of an arbitrage 

position increases in value with the volatility of the mispricing. 

 

                                                 
5 In this regard, greater dividend yield uncertainty and interest rate volatility may increase the value of the early 
unwind option by increasing the volatility of the mispricing series. 
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1.3 Transaction costs 

 
Even before the risks faced by arbitrageurs are taken into account, the existence of 

transaction costs implies that the price of the index futures can fluctuate within a band around 

its theoretical value without representing a profit opportunity for even the most favourably 

situated arbitrageurs (Modest and Sundaresan, 1983; Modest, 1984; Gould, 1988; Kawaller, 

1987; 1991). Using minute-by-minute data, Dwyer, Locke and Yu (1996) estimate the 

parameters of a threshold error correction model for the S&P 500 futures and cash indexes 

that allows for non-linearity suggested by arbitrage with transaction costs. Their estimated 

thresholds are consistent with the transaction costs of index arbitrage and periods when 

futures prices move outside the no-arbitrage bands are associated with index arbitrage activity 

reported by New York Stock Exchange (NYSE) member firms to the NYSE. In response to 

shocks from the futures market, their results indicate the basis converges towards its daily 

mean as much in five to seven minutes when arbitrage is profitable as it converges in fifteen 

minutes when arbitrage is unprofitable. 

 
Also in the United States, Chung (1991) adapts the simple cost-of-carry model for index 

futures to incorporate transaction costs for different classes of investors, alternative execution 

lags and short-selling restrictions on the underlying stocks. His results show it is possible to 

significantly overestimate the size and frequency of profitable arbitrage opportunities in the 

index futures market by focusing on ex-post tests (without imposing execution lags) and by 

using the reported index level instead of transaction data. Furthermore, he finds the frequency 

of pricing violations declines significantly with the level of transaction costs and length of 

execution lags. In the United States and Korea respectively, Klemkosky and Lee (1991) and 

Gay and Jung (1999) find that member firms have more opportunity to engage in profitable 

index arbitrage than institutional investors who incur higher transaction costs. In Japan, Lim 

(1992) finds that arbitrage opportunities are very limited; no arbitrage profit could be made 

by those outside of the brokerage business that incurs the lowest possible transaction costs. In 

the United Kingdom, Butterworth and Holmes (2000) find that although mispricings tend to 

be larger and more persistent for the mid 250 contract than for the FTSE 100 contract, this is 

consistent with the larger transaction costs and difficulties associated with trading the illiquid 

constituent stocks of the mid 250 index. 
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The width of the no-arbitrage band around the theoretical fair value of the contract is 

determined by explicit costs such as fees paid to brokers, exchange levies and short selling 

costs, as well as by implicit costs including the bid-ask spreads and price impact costs of 

opening up positions in both the stock and futures markets. This study extends the analysis of 

Brailsford and Hodgson (1997) by determining the influence on index futures mispricing of 

the minimum implicit round-trip transaction costs associated with bid-ask spreads in the stock 

and futures markets. In this way, the pricing relationship between the spot and futures 

markets is examined while controlling for fluctuations in the width of the arbitrage bounds 

due to medium-term, seasonal and intraday variations in transaction costs incurred when 

laying on index arbitrage trades. By allowing for varying degrees of effectiveness of the 

index arbitrage mechanism due to time-varying transaction costs, the study improves upon 

previous research that has assumed constant total transaction costs. 

 
This study investigates whether there are any maturity effects on the magnitude of mispricing 

of the futures contract related to the cost of borrowing stock. Borrowing costs are incurred by 

arbitrageurs who do not have capital in the form of treasury bills (for buy programs when the 

futures contract is overvalued relative to the underlying stocks) and index stocks (for sell 

programs when the futures contract is undervalued relative to the underlying stocks).6 Short-

sellers have to locate a willing stock lender and pay a stock borrowing fee. Modest and 

Sundaresan (1983) demonstrate that if part of the proceeds from short sales in the spot market 

are unavailable for traders to earn interest, the no-arbitrage band dictated by transaction costs 

can be asymmetric around the theoretical fair value and the futures price can be below the 

spot index especially when the cost of shorting the spot index is large. The cost ranges from 

zero for those already owning the stock to a potentially high level. A dynamic equilibrium 

model developed by Kempf (1998) predicts that the absolute level of negative mispricing 

increases with time to maturity, since the holding costs associated with short arbitrage 

positions increase with time to maturity. If arbitrageurs have to borrow stocks to exploit 

negative index futures mispricing, the pricing of the near contract could deviate from its 

theoretical level more frequently when stock borrowing is relatively expensive. To test this 
                                                 
6 In Australia, the borrower pays the lender a fee for the use of the borrowed securities ranging anywhere 
between 25 and 400 basis points per annum for ASX 200 equities and between 5 and 50 basis points per annum 
for Commonwealth Government securities (refer to King, 2005a). Pricing typically takes into account factors 
such as demand and supply for particular securities, the size of any manufactured dividend and the likelihood of 
the lender recalling the securities early (King, 2005a; b). There is no automated electronic platform for 
negotiating securities lending transactions in use in Australia and all transactions are entered into between the 
counterparties. Thus, whereas bid-ask spreads in both the stock and futures markets are able to be gauged, 
transaction costs associated with securities lending and repo transactions are not reported in Australia. 
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expectation, it is determined whether borrowing costs in the Australian market have any 

incremental impact on the volatility of the mispricing series. 

 
The remainder of this paper is structured as follows. Section 2 describes the institutional 

setting and data used in empirical tests. The empirical results are reported in section 3 and the 

paper is concluded in section 4. 

 
2. Institutional setting and data 

 
Introduced in April 2000, the S&P/ASX 200 index measures the performance of the 200 

largest stocks listed on the ASX. The index is float-adjusted and represents approximately 80 

percent of the Australian equities market capitalisation at the end of the sample period.7 The 

stocks comprising the index are traded on the ASX’s computerised trading system, known as 

the Stock Exchange Automated Trading System (SEATS) until October 2006.8 The level of 

the S&P/ASX 200 is calculated by Standard & Poor’s and is reported to the market every 30 

seconds as constituent prices change. 

 
SFE SPI 200™ Index Futures are written over the S&P/ASX 200 index with a contract unit 

of 25 Australian dollars per index point. The contracts follow a March-June-September-

December quarterly maturity cycle and are cash settled at a price calculated using the first 

traded price of each component stock in the index on the last trading day (denoted day 0 in 

this article). From the June 2003 expiry onwards, the last trading day is the third Thursday of 

the settlement month. Earlier contracts expired on the last business day of the settlement 

month.9 

 
Trading of SFE SPI 200™ futures in the daytime session commences at 9:50 a.m. and 

finishes at 4:30 p.m. on the Sydney Futures Exchange (SFE). In contrast, the stocks from 

which the index is constructed are traded on the ASX from 10:00 a.m. to 4:00 p.m.. Stocks on 

the ASX do not open simultaneously. Rather, they are grouped according to the starting letter 

of their ASX code and each group is opened randomly up to fifteen seconds on either side of 

different times between 10.00 a.m. and 10.09 a.m.. 

 

                                                 
7 The index was converted from a market capitalisation weighted index to a free float based index on 1 October 
2002. 
8 In October 2006 ASX replaced SEATS with the Integrated Trading System (ITS). 
9 An exception is the December 2002 contract which expired on 9 December 2002. 
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2.1 Data and sample 

 
Reuters trade and quote data for SFE SPI 200TM futures were provided by the Securities 

Industry Research Centre of Asia-Pacific (SIRCA). The data cover the period 1 January 2002 

to 15 December 2005, which provides sixteen contract maturities for analysis.10 Though up to 

six maturities are listed at any particular time, the analysis is confined to the nearest-to-

maturity contract which has by far the most significant trading volume. Hence, each contract 

is followed from the expiry date of the previous contract until its expiration. Expiration day 

observations are not included.11 The data describes the time (to the nearest second), price and 

volume of each trade and the prices of the best available bids and offers. End-of-day open 

interest figures were obtained from Bloomberg. 

 
S&P/ASX 200 stock index values, time-stamped approximately 30 seconds apart, and 

Reuters trade and quote data for the index constituents were also provided by SIRCA. The 

index constituents were identified using a daily list from Bloomberg. The list contains the 

float-adjusted index weights, numbers of shares outstanding that are included in the index 

calculation and closing prices for stocks in the index. The Reuters transaction file records all 

trades and quotes on the ASX. It contains the time to the nearest second, the price and 

volume for each trade and the time and bid/ask prices for each quotation. 

 
Daily series for the overnight cash, 30, 90 and 180 day bank accepted bills rates were 

obtained from the Reserve Bank of Australia (www.rba.gov.au). The interest rate for loans 

maturing at the expiration date of the futures was estimated using linear interpolation 

between these four reference interest rates. A daily dividend series was obtained from 

Bloomberg. The dividend series contains the total actual cash dividends and gross dividends 

(cash dividends plus imputation credits) paid each ex-dividend day by stocks in the 

S&P/ASX 200.12 Mispricing estimates are based on the assumption that the dividend 

amounts and franking percentages are known from the expiry date of the previous contract. 

                                                 
10 Observations for 11 January 2002 and 2 May 2003 with average intraday mispricing given by equation (3) of 
+0.29 percent indicating the futures contract was unusually expensive and -0.67 percent indicating the contract 
was unusually cheap respectively are excluded from the sample. 
11 Stoll and Whaley (1987) provide evidence of price effects associated with S&P 500 futures contract 
expirations. The cash settlement feature of index futures contracts requires arbitrageurs to unwind positions in 
the stock market. Abnormal stock price movements may arise if many arbitrage programs are being unwound in 
the same direction at the opening call auction on the expiration day. 
12 Daily dividend payments of basket stocks are unavailable for other studies. For example, Brailsford and 
Hodgson (1997) rely upon published Australian All Ordinaries index dividend yields that were only available on 
a monthly basis in order to form ex-ante expectations about dividend yields. 
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The discrete and seasonal dividend payments of the S&P/ASX 200 index portfolio are taken 

into account by using the actual ex-post daily dividend inflows for the basket stocks, wh

Harvey and Whaley (1992) show reduces pricing errors that occur when constant dividend 

yields are assumed. 

ich 

                                                

 
In calculating the differences between actual and theoretical index futures prices, futures 

price quotes and index values that are approximately five minutes apart and that are the latest 

available before the end of each five minute mark are used. The bid-ask midpoint price 

prevailing at the end of each five minute interval is taken to represent the actual futures 

price.13 In the same way, the most recent index value reported to the market before the end of 

the five minute interval is taken to represent the actual spot market price.14 While traders 

have access to the updated index level throughout the course of the day, the index calculation 

utilises non-synchronous or stale prices especially for thinly traded stocks, so that the truly 

tradeable price of the replicating portfolio can diverge temporarily from the instantaneously 

reported value.15 These price series are constructed for every five minute interval from 10:00 

a.m. to 4:00 p.m. Sydney time, which is the segment of the trading day when both the futures 

and cash markets are open simultaneously in continuous auction mode. Observations for 

which there were zero futures trading volume are excluded to provide results comparable 

with those reported by Brailsford and Hodgson (1997).16 The final sample consists of 66,040 

observations. 

 
The levels of autocorrelation in the price changes for both SFE SPI 200TM futures and the 

S&P/ASX 200 spot price series are reported in table 1. The autocorrelations of the futures 

price changes are close to zero at all ten lags, although are slightly negative at the first and 

second lags consistent with traders picking off liquidity using market orders when it becomes 

available at improved quote prices. More noticeably, the index series is positively auto-

correlated at the first lag with a first order autocorrelation coefficient of 0.19 similar to that 

 
13 Quote midpoint prices are used to minimise the effect on the mispricing series of bid-ask bounce in the futures 
market. Similarly, Bühler and Kempf (1995) use the mean of the current bid-ask quotes for futures contracts and 
interest rates to calculate the relative mispricing of German stock index futures. 
14 As the stock index values are clocked approximately thirty seconds apart, they will be updated on average 
fifteen seconds before the five minute mark. The deviations from theoretical pricing levels computed from these 
values may be slightly upward biased due to the momentary delay until the end of the each interval. 
15 The index is updated using transaction prices and does not use the bid and offer quotes for the component 
stocks. This problem may be exacerbated in the relatively thinly traded Australian stock market because not all 
stocks in the index trade every five minutes. The problem of non-synchronous trading in the futures market is 
overcome by using the bid-ask midpoint price prevailing at the end of each interval. 
16 As a result, 730 observations were removed representing 1.1 percent of the original sample.  
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reported by Brailsford and Hodgson (1997) for the Australian All Ordinaries index (0.20). 

This behaviour is consistent with the presence of stale prices in the available index values 

(described by Fisher, 1966). 

 
Table 1    
Autocorrelations for changes of the logarithm of price in 
SFE SPI 200TM futures and the S&P/ASX 200 index  
     
 Log of price ratios 
  SFE SPI 200TM futures S&P/ASX 200 index 
Autocorrelation coefficients    
ρ1 -0.012 * 0.193 * 
ρ2 -0.011 * -0.012 * 
ρ3 0.002  -0.001  
ρ4 0.002  0.001  
ρ5 0.000  0.005  
ρ6 -0.001  -0.001  
ρ7 0.004  -0.003  
ρ8 -0.006  -0.006  
ρ9 -0.001  -0.003  
ρ10 -0.003  -0.003   

Autocorrelations are based on five minute observation 
intervals. *Denotes significance at the 1% level. 

 
 
2.2 Variable measurement 

 
Published empirical work on stock index futures pricing has implicitly assumed that investors 

face the same marginal tax rate on all forms of income and employ only the cash value of 

dividends. These assumptions can lead to significantly biased estimates of futures mispricing 

in a market like Australia, where interest and dividend income are taxed more harshly than 

capital gains on stocks and an imputation system provides investors with a tax credit on 

franked dividends (see Cummings and Frino, 2008). Assuming the following—investors do 

not default on any contract; no money changes hands through marking to market during the 

lifetime of the contract, only on the maturity date; all investors can borrow and lend at the 

same non-stochastic interest rate; the cash dividend yield and imputation credit yield of the 

index over the remaining life of the near futures contract are known in advance; no 

transaction costs; and no restrictions on short sales—the theoretical price of a futures contract 

under the tax-adjusted cost-of-carry model developed by Cummings and Frino (2008) is: 
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where 

  the fair value at time t of an index futures contract with partially valued carry 

components maturing at time T; 

=)(, pf Tt

  the spot index value at time t; =tS

 =r  the annualised risk-free interest rate at time t for repayment at time T; 

  the aggregate dividend cash flows on the index associated with an ex-dividend 

date s; 

=sD

  the aggregate imputation credits for the basket stocks in the index associated 

with an ex-dividend date s; 

=sIC

 =1τ  the reduction in the financing cost achieved through the tax deductibility of 

one dollar of interest on loans; 

 =1γ  the value of one dollar of accumulated cash dividends allowing for the harsher 

tax treatment of dividend income relative to capital gains on stocks; and 

 =2γ  the value of one dollar of imputation credits. 

 
The accumulated value of cash dividends on the underlying stocks over the remaining life of 

the contract is calculated on the assumption that the forward interest rate at time t for loans 

made at time s to be repaid at time T is identical to the spot interest rate at time s for loans 

maturing at time T. Substituting the values of the parameters τ1 = 0.066, γ1 = 0.804 and γ2 = 

0.521 estimated by Cummings and Frino (2008) for SFE SPI 200™ futures over the same 

sample period, the theoretical fair price of a futures contract at time t with maturity date T is 

given by: 
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The tax-adjusted mispricing series is defined as: 

 
)(loglog)( ,,, pfFpM TtTtTt −=  (3) 

 
where Ft,T is the actual futures bid-ask midpoint price and ft,T(p) is the theoretical futures 

price at time t for a contract expiring at time T using the tax-adjusted cost-of-carry model. 
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3. Empirical results 

 
Section 3.1 reports on the behaviour of the mispricing series. In section 3.2 a time series and 

regression based approach is taken to explain the mispricing series. 

 
3.1 Behaviour of the mispricing series 

 
Table 2 provides descriptive statistics for the mispricing series. The overall mean pricing 

error is close to zero (-0.010 percent) with a standard deviation of 0.108 percent.17 The 

average mispricing is lowest for the June 2002 contract (-0.093 percent) and highest for the 

September 2003 contract (0.060 percent). These estimates are closer to zero than the estimate 

of -0.131 percent provided by Brailsford and Hodgson (1997) for average mispricing of the 

former Australian All Ordinaries Share Price Index futures contract employing only the cash 

value of the dividend. The results are consistent with the hypothesis that the adjusted cost-of-

carry pricing model allowing for the different tax treatment of interest and dividends versus 

capital gains on stocks and the market value of imputation tax credits produces an unbiased 

estimate for the futures price.18 

 

                                                 
17 When measured as the simple difference between the actual and theoretical index futures contract price, the 
average mispricing over the entire sample is -0.45 points and the standard deviation is 3.85 points, where each 
index point is valued at AUD 25. 
18 Similarly for the S&P 500 futures contract, Klemkosky and Lee (1991) find that the frequency of pricing 
violations notably decreases when taxes are considered in the analysis. 
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Table 2     
Summary statistics on the levels of mispricing in SFE SPI 200TM Index Futures 
contracts employing the tax-adjusted cost-of-carry model, by expiration (5-minute 
quote snapshot data, mispricing in percent of theoretical futures price) 
      
 Mt,T(p)  

 Mean Std. dev. 
Number 
positive 

Number 
negative N 

  % %       
Contract      
Mar-02 0.000 0.127 1,903 1,981 3,884 
Jun-02 -0.093 0.118 1,048 3,072 4,120 
Sep-02 -0.020 0.107 1,747 2,580 4,327 
Dec-02 0.044 0.094 2,726 1,098 3,824 
Mar-03 0.024 0.110 2,538 1,821 4,359 
Jun-03 0.026 0.089 2,138 1,245 3,383 
Sep-03 0.060 0.084 3,393 983 4,376 
Dec-03 -0.043 0.089 1,413 2,863 4,276 
Mar-04 -0.025 0.089 1,539 2,336 3,875 
Jun-04 0.006 0.110 2,352 1,744 4,096 
Sep-04 0.027 0.101 2,710 1,572 4,282 
Dec-04 0.014 0.078 2,419 1,775 4,194 
Mar-05 -0.012 0.113 1,780 2,327 4,107 
Jun-05 -0.017 0.073 1,786 2,325 4,111 
Sep-05 -0.079 0.096 1,056 3,329 4,385 
Dec-05 -0.058 0.097 1,295 3,146 4,441 
      
Overall -0.010 0.108 31,843 34,197 66,040 

Note: Mt,T(p) = log Ft,T - log ft,T(p) where Ft,T is the futures bid-ask midpoint price and ft,T(p) 
is the theoretical futures price employing the tax-adjusted cost-of-carry model. 

 
 
Slightly more than half of the observations (51.8 percent) are negatively mispriced. This 

result could be due to the relatively higher costs of short selling when the arbitrage strategy 

calls for shorting rather than buying stocks (also noted by Modest and Sundaresan, 1983 in 

the United States; Draper and Fung, 1999; 2003 in Hong Kong; Brenner, Subrahmanyam and 

Uno, 1989a in Japan; Gay and Jung, 1999 in Korea; Vipul, 2005 in India; Kempf, 1998 in 

Germany; Puttonen and Martikainen, 1991; and Puttonen, 1993 in Finland; and Brailsford 

and Hodgson, 1997 in Australia). Mispricing is predominantly positive in some periods and 

negative in other periods, as shown in previous empirical work (for example, Figlewski, 

1984b; Klemkosky and Lee, 1991 in the United States; Brenner, Subrahmanyam and Uno, 

1989a; 1989b; 1990 in Japan; Yadav and Pope, 1994; Butterworth and Holmes, 2000 in the 

United Kingdom; and Bowers and Twite, 1985 in Australia). 
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3.2 Modelling mispricing 

 
In this section, a time series and regression based approach to explaining the mispricing 

series similar to Brailsford and Hodgson (1997) is extended to incorporate the impact of 

unexpected information arrival in both the cash and futures markets and risks and transaction 

costs faced by arbitrageurs. The modelling process is undertaken in two stages. First, 

dynamic and static time series components are filtered out by applying an autoregressive 

model augmented with dummy variables to capture day-of-the-week seasonality in the raw 

mispricing. Specifically, the time series model takes the form: 
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The dependent variable Mt,T is defined as the difference in logarithms between the market 

futures price and its theoretical price, that is Mt,T = log Ft,T – log ft,T, β1 to β27 are dynamic 

autoregressive parameters where t is the five-minute sample interval and d is one trading day, 

D1, D2, …, D5 are zero-one dummy variables to test whether there are systematic and fixed 

mispricing patterns related to each day of the week where D1 = Monday, …, D5 = Friday.19 

This model allows a comparison to previous domestic and overseas studies which have 

identified strong first order autocorrelation and day of the week effects in the mispricing 

series. 

 
Select results for the time series analysis using equation (4) on the tax-adjusted mispricing 

series are shown in table 3. For the autoregressive parameters, only the significant estimates 

are reported. 

 

                                                 
19 Garbade and Silber (1983) specify a model which describes the interrelationship between cash market prices 
and futures prices of storable commodities as a first-order autoregressive process. The autoregressive parameter 
δ in their model measures the (inverse of) the elasticity of supply of arbitrage services. Furthermore, Wang and 
Yau (1994) show that the estimated first-order autoregressive coefficient of the mispricing series can measure 
the degree of market linkage if it is statistically different from one. 
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Table 3    
Dynamic and fixed time series components of the tax-adjusted 
mispricing series 
     
  Estimate |t|   Variable 
Coefficient    
β1 38.939 100.08*  Mispricing lag 1 interval 
β2 14.453 34.64*  Mispricing lag 2 intervals 
β3 9.109 21.64*  Mispricing lag 3 intervals 
β4 6.672 15.80*  Mispricing lag 4 intervals 
β5 4.528 10.70*  Mispricing lag 5 intervals 
β6 2.759 6.52*  Mispricing lag 6 intervals 
β7 2.447 5.78*  Mispricing lag 7 intervals 
β8 1.689 3.99*  Mispricing lag 8 intervals 
β9 2.403 5.67*  Mispricing lag 9 intervals 
β10 1.587 3.75*  Mispricing lag 10 intervals 
β11 1.561 3.68*  Mispricing lag 11 intervals 
β12 1.367 3.23*  Mispricing lag 12 intervals 
β15 1.130 2.67*  Mispricing lag 15 intervals 
β25 1.139 2.93*  Mispricing lag 25 intervals 
β27 1.906 8.29*  Mispricing lag 2 days 
β28 0.002 3.61*  Monday dummy 
β29 0.001 1.42  Tuesday dummy 
β30 -0.002 3.57*  Wednesday dummy 
β31 -0.001 1.50  Thursday dummy 
β32 -0.001 1.80  Friday dummy 
     
adj R2 0.76    
F 6,427.55*    
N 66,040       

*Denotes significance at the 1% level. Coefficients are multiplied by 102. 
 
 
The results in table 3 confirm that the mispricing of SFE SPI 200™ futures is highly 

predictable; consecutive autoregressive coefficients are uniformly positive and significant out 

to twelve intervals as well as 144 intervals, equivalent to two trading days. The significance 

of the consecutive autoregressive coefficients indicates a high degree of persistence in the 

mispricing series, consistent with infrequent trading in the underlying stocks (Miller, 

Muthuswamy and Whaley, 1994).20 In combination with the autoregressive effects, 

mispricing is significantly higher on Monday and significantly lower on Wednesday than on 

other days of the week. 

 

                                                 
20 The persistence in the mispricing series is consistent with Klemkosky and Lee (1991), who find that an 
arbitrage position is still profitable ten minutes after it is initially identified as profitable. 
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After pre-filtering using the model specified in equation (4), the absolute values of the 

residuals are obtained. The mean absolute residual is 0.031 percent with a standard deviation 

of 0.044 percent as shown in table 4 panel A. The relationship between time to maturity and 

the absolute residuals is illustrated in figure 1. The absolute residuals are greater in the first 

half of the expiry cycle. Since the residuals represent the unpredictable innovations in futures 

contract mispricing, this is consistent with index arbitrage being more risky further out from 

maturity. 

 

Figure 1
Time-to-expiry pattern in the absolute value of the pre-filtered mispricing series 

employing the tax-adjusted cost-of-carry model
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The significance of explanatory variables in relation to the absolute residual mispricing is 

tested using the following model. 
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A number of possible explanatory variables are considered before constructing the above 

model. Descriptive statistics (panel A) and correlations between the variables representing the 

risks and transaction costs faced by arbitrageurs (panel B) are presented in table 4. The 

explanatory variables are measured as follows. 
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Opening1t and Opening2t are zero-one dummy variables for the first two intervals at the 

opening of stock trading ending at 10.05 a.m. and 10.10 a.m. respectively, included to assess 

the possible impact of opening procedures in the stock market.21 

 
|USt| is the absolute value of the overnight United States return on the S&P 500 stock index 

which is only activated at 10.05 a.m. and 10.10 a.m.. This variable is included to test whether 

the volatility from the United States market, which acts as a proxy for overnight public 

information arrival, has an impact on the mispricing series in the smaller dependent 

Australian market. 

 
VolatilitySPI is the price volatility of SFE SPI 200™ futures where volatility is measured 

similarly to Bessembinder and Seguin (1992) as:22 

 
2)log()log( ,1, π×−= − TtTtSPI FFVolatility  (6) 

 
This variable is used to verify whether intraday price movements in the futures market have a 

significant impact on the mispricing series. Futures prices are more variable than for the 

index, consistent with previous research by Hill, Jain and Wood (1988), MacKinlay and 

Ramaswamy (1988) and Yadav and Pope (1990). This suggests that new information is 

incorporated with greater speed in the futures market. There does not appear to be any time to 

expiration pattern in the volatility of spot and futures prices, which are plotted in figure 2.23 

 

                                                 
21 A number of factors may impair the pricing efficiency of an opening call auction. Madhavan and 
Panchapagesan (2000) find that system-clearing prices are not always defined and are highly sensitive to 
market-on-open order imbalances, especially in thinly traded stocks. 
22 Schwert and Seguin (1990) show that if the conditional distribution of returns is normal with time-varying 
standard deviation, the transformed variable given by equation (6) provides an unbiased estimate of the return 
standard deviation. 
23 This is consistent with prior research by Grammatikos and Saunders (1986) based on five different foreign 
currency futures traded on the International Monetary Market, which finds that while maturity has a strong 
effect on volume of trading, no such relation could be found for price volatility. Likewise in the spot equity 
market, Bessembinder and Seguin (1992) find no evidence that S&P 500 volatility varies systematically with the 
time until maturity of equity index futures contracts. Figure 2 appears to confirm that information arrival in the 
spot and futures markets is random across contract maturity. 
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Figure 2
Time-to-expiry patterns in price volatility and bid-ask spreads
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UVolumeSPI and UVolumeASX200 are unexpected trading volume of SFE SPI 200™ futures and 

their underlying stocks respectively. The measure of trading volume for the futures market in 

a given interval is simply the number of near maturity contracts traded, which is employed by 

Frino and McKenzie (2002). The stock market turnover ratio is used to proxy for the trading 

volume of the underlying stocks. It is calculated as the value of total shares traded divided by 

the aggregate float-adjusted market capitalisation of the index constituents. Following 

Bessembinder and Seguin (1993), ARIMA models are used to decompose volume into its 

expected and unexpected components.24 Repeated tests on the sample do not give any firm 

evidence of improvement when moving beyond ARMA(1,2) for the futures maturities and 

ARMA(1,1) for the cash market volume series.25 To the ARMA models dummy variables are 

added for the opening and close of stock trading.26 Denoting the raw trading volume as Vt, 

unexpected volume is expressed as: 

 
)(log)log( ttt VEVUVolume −=  (7) 

 

                                                 
24 The stationarity of each time series was assessed using augmented Dickey-Fuller tests. The existence of a unit 
root is rejected for all sixteen futures maturities and the cash market volume series. 
25 Schwarz’s Bayesian criterion is used to determine the orders of the autoregressive and moving average parts 
in the ARIMA models. Regressions are run using a number of different ARIMA specifications and these do not 
seem to influence the results. 
26 The cash market volume series is also augmented with a dummy variable corresponding to extraordinarily 
high stock market turnover of AUD 11.8 billion (1.48 percent of market capitalisation) between 11:05 and 11:10 
a.m. on 5 July 2005. 
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The level of trading activity in both the futures and stock markets varies cyclically, with the 

highest levels of activity occurring near contract expiration. Mean spot and futures trading 

volume for each of the sixty days to expiration are shown in figure 3. Futures trading volume 

is relatively stable, then increases rapidly and peaks on the third last trading day as traders 

close out positions in the near contract. Spot trading volume is typically higher at the end of 

calendar months and on futures expiration days.27 

 

Figure 3
Time-to-expiry patterns in trading activity
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Closet is a zero-one dummy variable for the close of stock trading at 4.00 p.m. to capture 

possible effects from traders exiting the market before closing in order to avoid the risk of 

holding positions overnight. 

 
TExpiryt is time-to-expiry expressed as a fraction of a year, included to test for the time-

dependent risks of index arbitrage that simultaneously improve the implicit option component 

in an arbitrage position. 

 

                                                 
27 A weekly pattern evident in figure 3 suggests that spot trading volume is lowest on Mondays (usually day 3, 
8, 13 and so forth before the third Thursday of the expiry month), possibly due to the lack of an immediate lead 
from the NYSE in resolving the implication of new information for equity prices. 
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UDividendt represents the uncertainty about the magnitude of dividends paid out by 

underlying stocks. Analyst-by-analyst fiscal year 1 dividend forecasts for all covered stocks 

are extracted from the I/B/E/S Daily Detail Earnings Estimates History database.28 All 

estimates that are current on a particular day (indicated by the estimate date and review date 

in the database) are used to calculate the standard deviation of dividend per share (DPS) 

forecasts for an individual stock. Two assumptions are made in proceeding to construct a 

measure of dividend uncertainty for the index as a whole from the standard deviations for 

individual stocks: (i) the spread of (equally weighted) analysts’ forecasts represents the 

probability distribution of future dividends; and (ii) the DPS forecasts for individual stocks 

are uncorrelated. On the basis of these assumptions, dividend yield uncertainty for the index 

is measured by the weighted average standard deviation of analysts’ forecasts for constituent 

stocks: 
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where FDPSi,t are analysts’ fiscal year 1 dividend per share forecasts for stock i, Sharesi,t is 

the number of shares of stock i included in the index calculation and Pi,t is the closing price of 

stock i on day t. This variable is included to capture possible effects related to the dispersion 

of analysts’ dividend forecasts. The mean dividend yield uncertainty as indicated by this 

measure is 0.07 to 0.08 percent throughout the contract life cycle as shown in figure 4. 

 

                                                 
28 Each dividend forecast record contains broker and analyst codes, the forecast period end date, the estimated 
dividend in cents per share, the date the estimate was entered into the database (estimate date) and the most 
recent date that the estimate was confirmed as accurate (review date). 
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Figure 4
Time-to-expiry patterns in dividend yield uncertainty and interest rate volatility
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ADividendt is an alternative measure of the time-to-expiry, defined as the proportion of total 

gross dividends paid by underlying stocks with ex-dividend dates falling within the current 

futures contract life cycle (from the expiry date of the previous contract until the expiry date 

of the current near contract) that are announced over the remaining life of the near contract:29 
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where DPSi,a is the gross dividend announced for stock i on day a with the relevant ex-

dividend date scheduled to occur before the near contract expires on day T1 and DPSi,w is the 

gross dividend for stock i with an ex-dividend date w falling between the expiration of the 

previous futures contract on day T0 and the expiration of the current near futures contract on 

day T1. The announcement of dividend amounts and ex-dividend dates resolves uncertainty 

relating to both the magnitude and timing of dividends.30 The scheduling of ex-dividend 

dates that accompanies dividend announcements could substantially reduce uncertainty, if 

                                                 
29 A daily dividend series for individual stocks obtained from Bloomberg identifies the announcement dates, ex-
dividend dates and payment dates associated with net and gross dividends per share paid by stocks in the 
S&P/ASX 200. 
30 Peters (1985) shows that the increasing efficiency of index futures markets through time appears to be due to 
better estimation of the dividend stream for each index and its uneven characteristics. 

 23

1299



market participants are unable to accurately predict whether some stocks will have ex-

dividend dates before or after futures contract expiration relying upon the timing of 

corresponding dividends in previous years. Figure 5 shows the proportion of total gro

dividends that remain unannounced against the time to maturity of the contract. The 

frequency of dividend announcements (reflected in the slope of the curve) increases around 

the middle of the futures contract life cycle, together with the periodic reporting of Australian 

company results. Almost all companies going ex-dividend before futures maturity have 

declared their dividends by three

ss 

 weeks out from maturity. 

 

Figure 5
Time-to-expiry patterns in dividend announcements and economic releases
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IVInterestt is the volatility implied in interest rate option prices, expressed as an annualised 

percentage. Interest rate option contracts based on 90 Day Bank Accepted Bills Futures are 

traded on the SFE and expire on the first Friday of the delivery month for the underlying 

futures contract. Up to six maturities corresponding to the bank bill futures quarterly maturity 

cycle and several exercise prices were available at any one time. The implied volatility 

estimates used in this study are those provided by market participants and used by the Sydney 

Futures Exchange to determine daily closing prices for nearest-to-expiry put and call options 

which are closest to being at-the-money. Ex-ante volatility is relatively greater in interest 

rates (0.12 percent) than dividend yields (0.08 percent) and may play an important role in 

determining the mispricing series. From figure 4, the implied volatility of interest rate options 

further out from maturity is higher than that close to maturity (taking into consideration that 
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options on bank bill futures expire earlier in the delivery month than SFE SPI 200™ 

futures).31 

 
ERInterestt is another alternative measure of the time-to-expiry, defined as the proportion of 

economic releases falling within the current futures contract life cycle that is scheduled to 

occur over the remaining life of the near contract: 
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where ERIRr is the number of separate types of economic releases on day r between the 

expiration of the previous futures contract on day T0 and the expiration of the current near 

futures contract on day T1. Data for macroeconomic news releases were obtained from 

Bloomberg’s Economic Calendar. The releases selected were those found by Connolly and 

Kohler (2004) to have a significant effect on interest rate expectations for Australia: the 

consumer price index, employment, the unemployment rate, gross domestic product, building 

approvals, the trade balance, inventories, investment and retail sales.32 These types of 

economic releases resolve interest rate uncertainty because they provide information which 

enables market participants to reassess the likely outcome of subsequent Reserve Bank 

decisions on interest rates.33 Figure 5 shows they are relatively evenly spread over the futures 

contract life cycle, except increase in frequency in the third last trading week and are never 

scheduled in the last week before expiration. 

 

                                                 
31 In comparison, Amin and Morton (1994) determine a daily time series of forward rate volatilities most 
consistent with Eurodollar futures options prices on the Chicago Mercantile Exchange (CME). They find that 
the volatility of longer-term forward rates is higher than that of short-term rates. Similarly, Neely (2005) 
observes that long-horizon implied volatilities tend to be larger than short-horizon implied volatilities of options 
on Eurodollar futures. 
32 Although the analysis is confined to domestic economic releases in this study, Connolly and Kohler (2004) 
find that foreign market movements modelled as changes in United States interest rate futures prices are also 
important in explaining changes in interest rate expectations for Australia. 
33 The Reserve Bank Board formulates monetary policy with regard to developments in the Australian and 
international economies. 
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MICostt is the market impact cost involved in opening an index arbitrage position, measured 

as the sum of one-half the bid-ask spread in the stock market and one-half the bid-ask spread 

in the futures market.34 A percentage bid-ask spread (BAS) is computed for every quotation 

as: BAS = [(ask - bid)/(ask + bid)/2]. Following McInish and Wood (1992), time-weighted 

bid-ask spreads for both futures and individual stocks in each time interval are calculated as 

follows: 
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where 

  the percentage quoted bid-ask spread; =jBAS

  the length of time that spread j is outstanding; and =jwt

  the number of different bid-ask spreads that occur during interval t. =n

 
In the case of the constituent stocks in the index, the percentage bid-ask spreads for 

individual stocks are further weighted according to the float-adjusted weight of each stock in 

the index, such that the bid-ask spreads of stocks with the greatest weight in the index have 

the greatest weight in the composite measure of index percentage bid-ask spread. The mean 

bid-ask spreads are approximately 0.03 percent in the futures market and 0.18 percent in the 

stock market throughout the contract life cycle as shown in figure 2. The substantially wider 

bid-ask spread for the underlying stocks than for the futures suggests it has a greater 

influence on the width of the trading band for futures prices. Bid-ask spreads are also more 

variable in the stock market than in the futures market. 

 
BCostt is the minimum indicative fees for the use of borrowed securities reported by King 

(2005a) of 25 basis points per annum for ASX 200 index stocks and 5 basis points per annum 

for bank accepted bills. The stock borrowing fee for sell programs is applied when the 

mispricing is negative and the lower bank accepted bills borrowing fee for buy programs is 

applied when the mispricing is positive. 

 

                                                 
34 The bid-ask spreads and price impact costs of closing out both the stock and futures positions can be avoided 
by holding the positions until the last trading day and employing market-on-open orders in the stock market. 
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InterestSPI is the logarithm of the end-of-day open interest in SFE SPI 200™ futures 

measured in number of contracts. Open interest accumulates steadily across the contract life 

cycle and then dissipates rapidly from the third last trading day, as shown in figure 3. The 

correlation between the open interest and the time-to-expiry is -0.11 (see table 4, panel B). 

 
Table 4        
Summary statistics for entire dataset     
        
Panel A: Descriptive statistics      
      Unit Mean Median Std dev N 
Absolute tax-adjusted residual |εt(p)| % 0.031 0.022 0.044 66,040 
Overnight return on S&P 500 |USt| % 0.805 0.609 0.755 64,239 
Futures five-minute volatility % x √π/2 0.048 0.036 0.081 66,040 
S&P/ASX 200 five-minute volatility % x √π/2 0.043 0.026 0.063 66,040 
Futures five-minute volume Lots 108 71 118 66,040 
Underlying stocks five-minute volume % 0.004 0.003 0.006 66,032 
Dividend yield uncertainty % p.a. 0.077 0.074 0.034 66,040 
Interest rate options implied volatility % p.a. 0.123 0.110 0.044 65,685 
Market impact cost % 0.106 0.105 0.018 66,032 
Borrowing cost % 0.017 0.010 0.016 66,040 
Futures open interest Lots 159,531 156,755 22,933 65,627 
        
Panel B: Correlation matrix      
 TExpiryt UDividendt ADividendt IVInterestt ERInterestt MICostt BCostt 
UDividendt 0.048       
ADividendt 0.826 -0.097      
IVInterestt -0.021 -0.412 0.083     
ERInterestt 0.953 0.147 0.769 -0.182    
MICostt 0.012 -0.296 0.067 0.337 -0.074   
BCostt 0.563 0.087 0.382 -0.033 0.536 -0.078  
InterestSPI -0.113 0.175 -0.212 -0.426 -0.002 -0.379 0.029 
 
 
The explanatory variables which act as proxies for the unexpected arrival of information in 

the futures and stock markets and the close of trading in the stock market, while controlling 

for specific risks and transaction costs faced by arbitrageurs, are considered using equation 

(5). White’s procedure is used to obtain heteroskedasticity-corrected standard errors of the 

parameter estimates (White, 1980). All t-statistics are adjusted accordingly. The results are 

presented in table 5. 

 

 27

1303



Table 5    
Estimation of the explanatory coefficients for the absolute value of the pre-filtered 
mispricing series employing the tax-adjusted cost-of-carry model 
     
  Estimate |t|   Variable 
Coefficient    
α 0.002 1.47  Intercept 
β1 6.838 9.74*  Impact of overnight US return at 10.05 a.m. 
β2 5.744 13.61*  Impact of overnight US return at 10.10 a.m. 
β3 32.447 28.62*  Volatility of SFE SPI 200™ futures 
β4 0.001 2.70*  SFE SPI 200™ futures unexpected volume 
β5 -0.002 5.72*  Underlying stocks unexpected volume 
β6 0.005 5.98*  S&P/ASX 200 close at 4.00 p.m. 
β7 0.005 2.82*  Time-to-expiry 
β8 0.049 0.14  Dividend yield uncertainty 
β9 0.968 3.17*  Interest rate options implied volatility 
β10 9.770 7.52*  Market impact cost 
β11 0.388 0.47  Borrowing cost 
     
adj R2 0.62    
N 63,871       

*Denotes significance at the 1% level. Coefficients are multiplied by 102. 
 
 
The coefficients on the variables designed to capture the impact of volatility from the United 

States stock market (β1 and β2) are positive and significant. An overnight price movement of 

one percent in the United States stock market is associated with increases in the absolute 

residual mispricing of 0.07 percent at 10.05 a.m. and 0.06 percent at 10.10 a.m. immediately 

after the opening of the local stock market. The increased mispricing spread at 10.05 a.m. is 

consistent with the impact of opening procedures in the stock market lasting nine minutes. 

Beyond the first interval, the persistently higher mispricing spread at 10.10 a.m. supports the 

proposition that foreign market movements indicate increased trading risk, which dampens 

opening arbitrage activity. The impact of volatility in SFE SPI 200™ futures prices is 

positive and highly statistically significant.35 A price movement of one percent in the futures 

market is associated with an increase in the mispricing spread of 0.32447/√π/2 = 0.26 

percent. This result is consistent with the hypothesis that market-wide information is 

incorporated with greater speed in the futures market relative to the underlying stock market. 

The impact of surprise trading volume in the futures is also positive and statistically 

significant. In contrast, surprise trading volume in the underlying stocks is negative and 

                                                 
35 The contemporaneous relationship documented here portends the intraday temporal relationship characterised 
by Chan and Chung (1993) in the United States: higher intraday volatility is followed by a significant decrease 
in the arbitrage spread, probably because higher market volatility invites more arbitrage services or enables 
faster price adjustments which, in turn, narrow the spread. 
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statistically significant.36 This suggests that trading activity in executing the cash leg of 

arbitrage transactions dominates trading activity based on firm specific information in 

moving spot prices. Surprise volume in the underlying stocks more often signifies the 

presence of arbitrageurs acting to narrow price discrepancies relative to the futures market.37 

 
Although the coefficient which accounts for the close of trading (β6) is statistically 

significant, the increase in the mispricing spread at the close of the stock market is not of an 

economically significant magnitude. 

 
The coefficients on the volatility implied in interest rate option prices (β9) and the time-to-

expiry (β7) are positive and significant, implying that the higher the ex-ante interest rate 

volatility and the longer the time-to-expiry, the higher is the mispricing spread. The finding 

with respect to time-to-expiry is robust to the three different time measures (TExpiryt, 

ADividendt and ERInterestt). The variable which proxies for dividend yield uncertainty is 

statistically insignificant. These results indicate that ex-ante interest rate volatility is the 

primary source of risk faced by arbitrageurs when they act upon deviations from theoretical 

pricing levels for longer times to maturity. As the absolute residual mispricing measures the 

volatility of the irregular component of the mispricing series, these results also imply that ex-

ante interest rate volatility in combination with the time until contract expiration are the 

source of the implicit option value in arbitrage positions. Through its influence on interest 

rate volatility, public information arrival has a more lasting effect on the mispricing spread 

than from the faster speed of adjustment of intraday futures prices relative to stock prices. 

 
The coefficient on the market impact cost involved in opening up index arbitrage positions 

(β10) is positive and significant. An increase of one percent in the market impact cost is 

associated with an increase in the absolute residual mispricing of 0.10 percent. This result 

with respect to implicit transaction costs demonstrates that fluctuations in the cost of 

immediacy in the stock and futures markets have the most important influence on the width 

of the arbitrage bounds for index futures. In contrast, the securities borrowing cost coefficient 

                                                 
36 Regarding the relationship between explanatory variables, Merrick (1987) provides strong evidence that cash 
index return volatility causes aggregate cash market volume. Therefore, in attempting to discern the relationship 
between the intraday mispricing spread and surprise trading volume in the underlying stocks, it is appropriate to 
have employed a measure of intraday price volatility to help control for volume surprises unrelated to arbitrage 
motives or firm specific information. 
37 This finding is consistent with the evidence provided by Furbush (1989) that index arbitrage responds to basis 
error and has the effect of eliminating it, thus aligning cash and futures prices. It also complements the evidence 
of a significant unidirectional relationship running from the futures contract mispricing spread to cash market 
volume found by Merrick (1987), using daily data for the NYSE Composite index market. 
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(β11) is positive and insignificant. While the positive coefficient on the borrowing cost 

implies that short arbitrage positions are more expensive to maintain over longer holding 

periods, there is only weak evidence that the pricing of the near contract deviates from its 

theoretical level more frequently as a consequence of the cost of borrowing index stocks. 

 
3.3 Robustness tests 

 
Additional regression analysis is reported in this section to provide results that are directly 

comparable with Brailsford and Hodgon’s (1997) examination of stock index futures pricing 

using the former Australian All Ordinaries Share Price Index futures contract. In particular, 

Brailsford and Hodgson implicitly assume that investors face the same marginal tax rate on 

all forms of income; they do not obtain any reduction in the cost of financing the set of shares 

of the underlying index through the tax deductibility of interest on loans (τ1 = 0), the full cash 

value of the dividend is employed (γ1 = 1) and the imputation tax credits are not priced in 

index futures (γ2 = 0). Based on those assumptions, equation (1) for the theoretical price of a 

futures contract can be reduced as follows: 
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where ft,T(c) is the fair value at time t of an index futures contract with cash dividends. The 

unadjusted mispricing series is defined as: 

 
)(loglog)( ,,, cfFcM TtTtTt −=  (13) 

 
where Ft,T is the actual futures bid-ask midpoint price and ft,T(c) is the theoretical futures price 

at time t for a contract expiring at time T using the unadjusted cost-of-carry model. 
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For the unadjusted series, the overall mean pricing error is negative (-0.047 percent) with a 

standard deviation of 0.112 percent as shown in table 6 panel A. This result is consistent with 

the hypothesis that the unadjusted forward pricing model gives an upward biased estimate for 

the futures price.38 Select results for the time series analysis using equation (4) on the 

unadjusted mispricing series are shown in table 6 panel B. The estimated coefficients are 

similar to those obtained using the tax-adjusted cost-of-carry model and also confirm 

Brailsford and Hodgson’s (1997) finding that the mispricing series in Australia is highly 

predictable.39 The intraday mispricing series evolves more gradually; higher autoregressive 

coefficients at subsequent lags compensate for a lower coefficient at the first lag of 0.390 

than reported by Brailsford and Hodgson for All Ordinaries Share Price Index futures 

(0.689). Negative mispricing of All Ordinaries Share Price Index futures on Friday 

documented by Brailsford and Hodgson is prevalent throughout the latter part of the week 

(from Wednesday to Friday) in the present study of SFE SPI 200™ futures.40 Except for 

Wednesday, the day of the week effects are sensitive to whether the unadjusted or tax-

adjusted model is used. The R2 statistic of 0.81 is higher than for the time series components 

of the tax-adjusted mispricing series. This implies that the excess variation in the unadjusted 

mispricing series is explained by time series effects; any misspecification of the financing 

charge and dividend flow is serially correlated at consecutive points across the contract life 

cycle. 

 

                                                 
38 Several overseas studies find evidence of substantial and sustained mispricing using the cost-of-carry pricing 
model without adjustment for the taxation treatment of interest and dividends relative to capital gains on stocks. 
In the United States, Cornell and French (1983), Figlewski (1984a) and Arditti, Ayaydin, Mattu and Rigsbee 
(1986) report that stock index futures were priced at a discount to the levels predicted by the carrying cost 
relationship, while Bhatt and Cakici (1990) and Chung (1991) report they are priced at a premium. In Canada, 
Hong Kong, Korea, India, the United Kingdom, Germany and Finland respectively, Chamberlain, Cheung and 
Kwan (1989), Draper and Fung (2003), Gay and Jung (1999), Vipul (2005), Yadav and Pope (1990), Bühler and 
Kempf (1995) and Kempf (1998), Puttonen and Martikainen (1991) and Puttonen (1993) provide evidence that 
futures tend to be priced at discounts to theoretical values. 
39 In comparison, MacKinlay and Ramaswamy (1988), Lim (1992) and Bühler and Kempf (1995) find that 
mispricing levels are highly positively autocorrelated for S&P 500 futures across fifteen-minute time intervals, 
Nikkei 225 futures across five-minute intervals and DAX futures across one-minute intervals respectively. 
40 This result contradicts the divergence between cash and futures market behaviour on Friday reported by 
Yadav and Pope (1992) in the United Kingdom. 
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Table 6    
Dynamic and fixed time series components of the unadjusted mispricing 
series 
     
  Mt,T(c) |t|   Variable 
Panel A: Descriptive statistics   
Mean -0.047    
Median -0.040    
st. dev. 0.112    
N 66,040    
     
Panel B: Dynamic and fixed time series components 
β1 38.979 100.18*  Mispricing lag 1 interval 
β2 14.480 34.70*  Mispricing lag 2 intervals 
β3 9.117 21.66*  Mispricing lag 3 intervals 
β4 6.686 15.83*  Mispricing lag 4 intervals 
β5 4.543 10.74*  Mispricing lag 5 intervals 
β6 2.768 6.54*  Mispricing lag 6 intervals 
β7 2.455 5.80*  Mispricing lag 7 intervals 
β8 1.692 3.99*  Mispricing lag 8 intervals 
β9 2.413 5.70*  Mispricing lag 9 intervals 
β10 1.593 3.76*  Mispricing lag 10 intervals 
β11 1.569 3.70*  Mispricing lag 11 intervals 
β12 1.371 3.24*  Mispricing lag 12 intervals 
β15 1.131 2.67*  Mispricing lag 15 intervals 
β25 1.147 2.95*  Mispricing lag 25 intervals 
β27 1.987 8.68*  Mispricing lag 2 days 
β28 0.001 2.17  Monday dummy 
β29 0.000 0.54  Tuesday dummy 
β30 -0.002 5.35*  Wednesday dummy 
β31 -0.002 3.31*  Thursday dummy 
β32 -0.002 3.38*  Friday dummy 
     
adj R2 0.81    
F 8,635.52*       

*Denotes significance at the 1% level. Coefficients are multiplied by 102. 
 
 
Results of estimating equation (5) with the absolute residuals after pre-filtering the 

unadjusted mispricing series are reported in table 7. The results are not materially different 

from those based on the tax-adjusted series. Brailsford and Hodgson’s (1997) findings for All 

Ordinaries Share Price Index futures are verified for SFE SPI 200™ futures. In particular, the 

important role of both exogenous and endogenous futures price volatility in increasing the 

mispricing spread is confirmed for SFE SPI 200™ futures: the impact of volatility from the 

overnight United States stock market and the volatility of Australian futures prices are both 

positive and statistically significant. Moreover, unexpected futures trading volume is 

significant. The positive coefficient on the time-to-expiry documented by Brailsford and 

Hodgson is smaller and statistically insignificant in the current sample. This result suggests 
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that the inherent option value in the mispricing series has decreased as the pricing efficiency 

of the Australian market has improved in recent years. With the inclusion in the model of 

risks and transaction costs faced by arbitrageurs, the intercept of 0.002 percent is smaller than 

observed by Brailsford and Hodgson (0.030 percent). The results of the earlier study are 

consistent with the larger transaction costs and difficulties associated with trading the illiquid 

constituents of the All Ordinaries index which comprises more than 300 companies. 

 
Table 7    
Estimation of the explanatory coefficients for the absolute value of the pre-filtered 
mispricing series employing the unadjusted cost-of-carry model 
     
  Estimate |t|   Variable 
Coefficient    
α 0.002 1.40  Intercept 
β1 6.843 9.77*  Impact of overnight US return at 10.05 a.m. 
β2 5.747 13.64*  Impact of overnight US return at 10.10 a.m. 
β3 32.483 28.70*  Volatility of SFE SPI 200™ futures 
β4 0.001 2.63*  SFE SPI 200™ futures unexpected volume 
β5 -0.002 5.71*  Underlying stocks unexpected volume 
β6 0.005 5.96*  S&P/ASX 200 close at 4.00 p.m. 
β7 0.005 2.42  Time-to-expiry 
β8 0.033 0.10  Dividend yield uncertainty 
β9 0.946 3.10*  Interest rate options implied volatility 
β10 9.858 7.56*  Market impact cost 
β11 0.907 1.10  Borrowing cost 
     
adj R2 0.62    
N 63,871       

*Denotes significance at the 1% level. Coefficients are multiplied by 102. 
 
 
4. Conclusion 

 
A mispricing series using five-minute contemporaneous observations from the Australian 

S&P/ASX 200 spot index and SFE SPI 200™ futures market over a period of four years is 

constructed and analysed, using a time series and regression based approach similar to 

Brailsford and Hodgson (1997). A tax-adjusted cost-of-carry model, which accounts for the 

discrete and seasonal dividend payments of the underlying stocks, as well as the different 

taxation treatment of the financing charge and dividend flow relative to capital gains on 

stocks and the pricing of the imputation tax credits on franked dividends, is used as the 

valuation method for the futures contract. The results indicate that the mean pricing error is 

close to zero and noticeably less volatile than in other studies, confirming that the tax-

adjusted market valuation model produces a relatively unbiased estimate for the futures price. 
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Slightly more than half of the observations are negatively mispriced, consistent with the 

higher transaction costs involved in short selling stock. 

 
Time series analysis confirms that the raw mispricing exhibits a high degree of 

autocorrelation and predictability. Mispricing based on the tax-adjusted series is significantly 

higher on Monday and significantly lower on Wednesday. After filtering out the dynamic and 

static time series components, a number of explanatory variables are significantly associated 

with the absolute residual mispricing. Overnight public information arrival modelled as 

volatility from the United States stock market and market-wide information arrival modelled 

as unexpected trading volume and the volatility of SFE SPI 200™ futures are confirmed to 

have a positive and significant impact on the mispricing spread. In addition, the negative 

impact of unexpected trading volume in the underlying stocks is consistent with the presence 

of index arbitrageurs acting to narrow price disparities relative to the futures market. In 

support of the differential information hypothesis, this finding highlights that the adjustment 

of the underlying stock market to macroeconomic information is facilitated by price 

discovery in the futures market. 

 
Indicated by its impact on the mispricing spread, ex-ante interest rate volatility is the primary 

source of risk faced by arbitrageurs when they act upon deviations from theoretical pricing 

levels further out from maturity. From the standpoint of the central bank therefore, the 

efficiency of the arbitrage mechanism is improved by smoothing short-term interest rates. In 

contrast, the impact on the near contract of dividend yield uncertainty based on the dispersion 

of analysts’ forecasts for index constituent stocks is statistically insignificant and appears to 

be trivial. The implicit transaction cost represented in bid-ask spreads involved in opening up 

stock and futures positions has the most important influence on the width of the arbitrage 

bounds for index futures. Arbitrageurs require greater compensation to step into the market 

when bid-ask spreads for the index constituents are large. This follows because bid-ask 

spreads for the underlying stocks are wider and more variable than in the futures market. 

There is little evidence that the pricing of the near contract deviates from its theoretical level 

more frequently due to the cost of borrowing stocks. From the standpoint of securities 

exchanges and regulators therefore, the efficiency of the arbitrage mechanism is improved by 

increasing the level of liquidity in the stock market; thereby strengthening the most 

vulnerable point relied upon to maintain the price linkage between stock index futures and 

their underlying shares. 
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Abstract

This paper examines how macroeconomic uncertainty affects Jap-
anese banks’ lending behavior. Bank managers rebalance their asset
portfolios to maintain an optimal level of risk and expected return.
In particular, we claim that higher uncertainty hinders the abil-
ity of bank managers to accurately predict returns from lending.
In contrast, when macroeconomic uncertainty is more tranquil, re-
turns from each potential project are more easily predicted, which
allows bank managers to lend money to projects with the highest
expected return. This induces more homogeneous lending behavior
across banks. Our econometric results show that macroeconomic
uncertainty is a significant determinant of Japanese banks’ lending
behavior. The variance of the macroeconomic uncertainty is nega-
tively related to the cross-sectional variance of loan-to-asset ratios
between banks. This finding suggests that in periods of increasing
turmoil, macroeconomic uncertainty hinders the ability of bank man-
agers to accurately forecast future returns, leading banks to behave
more homogeneously, which indicates the presence of herd behavior
in Japanese banks.

J.E.L. Classification: G11, G21, D81, E44
Keywords: Macroeconomic uncertainty, Lending behavior, Imper-
fect information, Portfolio choice, GARCH
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1 Introduction

This paper investigates the impact of macroeconomic uncertainty on
banks’ lending behavior. Following the portfolio model proposed by
Baum et al. (2005), we empirically examine how Japanese banks
choose loans and other assets under uncertain macroeconomic con-
ditions.1 Our empirical results show that there is a clear negative
association between variances of macroeconomic uncertainty and the
cross-sectional variances of banks’ loan-to-asset ratios; that is, the
more macroeconomic uncertaity increases, the more homogeneous
banks’ lending behavior becomes.

The Japanese financial system has often been termed “bank-
centered finance”. This nomenclature still remains even after the
financial transformation that came about through deregulation. In
particular, for small and medium size firms, variations in bank lend-
ing behavior may have serious impacts on firms’ financing. Bank
lending behavior has changed over time because of the turbulence of
economic conditions and shifting regulations. Through such changes
in macroeconomic environments, foresight into future economic con-
ditions becomes more uncertain. This affects the ability of bank
managers to predict future expected returns from loans. In addi-
tion, the main role of banks is to channel assets towards good qual-
ity projects, i.e., accumulating small deposits and investing these
into large loans. They overcome frictions in the credit market by ac-
quiring costly information on borrowers and extending credit based
on that information along with market conditions. Thereby, banks
contribute to the effective allocation of assets. In these two aspects,
it is worthwhile to examine how macroeconomic conditions are as-
sociated with banks’ lending behavior.

In an economy where Say’s Law holds, assets are effectively allo-
cated. On the other hand, there is no limit to the number of models
to describing an economy in which this law does not hold. One such
moldel describes an economy with imperfect information. Neoclassi-

1Quagliariello(2006) provides the same analysis in the case of Italy.
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cal macroeconomic theory says that imperfect informational content
on the price system induce less efficient allocation of resources. A
representative model to explain this problem is the Lucas “island
model”(1973). We can use Lucas’s island model to describe bank-
lending behavior under uncertain macroeconomic conditions. In Lu-
cas’s model, the situation perceived by individual suppliers is quite
different from the aggregate situation as seen by an outside observer.
This situation may hold true in a loan market, and we can imagine
that banks face the situation of imperfect information.

Baum et al. (2005) present an analytical framework with a vari-
ant of the island model by Lucas(1973) examining empirically the
relationship between banks’ lending behavior and macroeconomic
uncertainty. In their analysis, macroeconomic uncertainty is shown
to be negatively associated with banks’ lending behavior. By reduc-
ing the informational content of expected returns, macroeconomic
uncertainty reduces the capacity of banks’ loanable funds. In turn,
the cross-sectional variance of bank loan-to-asset ratios(LTA ratio)
becomes small. This argument implies that under higher macroeco-
nomic uncertainty banks behave more homogeneously.

Using Baum et al.’s framework, we investigated the lending be-
havior of Japanese banks. Our empirical analysis exploits a panel
data set covering Japanese banks over the period of 1975-2007. We
show that there are substantial changes in the cross-sectional vari-
ances of loan-to-asset ratio(LTA ratio). The distribution of LTA
ratio narrowed in the 1970s and 1990s and widened in the 1980s and
2000s. The Japanese economy is often characterized by the follow-
ing episodes: the break of the Bretton Woods system and the oil
crises of the 1970s, blowing and popping bubbles in the 1980s, fol-
lowed by banking and economic crises in the 1990s, and the long and
stable economic recovery from 2000. These situations offer a prefer-
able setting for our study. The aim of our empirical analysis was
to supplement our argument with theoretical analysis and econo-
metric evidence. Econometric analysis reveals the following obser-
vation: There is a significant negative association between variances
of macroeconomic uncertainty and the cross-sectional variances of
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banks’ loan-to-asset ratios; that is, banks’ lending behavior becomes
more homogeneous as macroeconomic uncertainty increases. While
the negative association is significant in regional banks and all banks,
it is not significant in city banks. This is a distinctive result of our
study.

The remainder of this paper is organized as follows. In Section 2,
we explain the model by Baum et al. (2005) to show why variations
in the predictability of future economic conditions should lead to a
negative association between the cross-sectional variance of banks’
loan-to-asset ratio and macroeconomic uncertainty. Section 3 shows
how we build up the proxy for macroeconomic uncertainty and re-
ports empirical findings. Section 4 concludes the paper.

2 Banks’ lending behavior under uncer-

tainty

2.1 The model

In this section we develop the model to analyse banks’ lending be-
haviour under macroeconomic uncertainty.

Baum et.al.(2005) propose an analytical framework for banks’
portfolio selection, which has the same structure as the island model
used by Lucas(1973).2 The framework is inspired from the model
for firms’ investment decisions developed by Beaudry et al. (2001).

The general structure of the model developed in this section may
be described very simply. We do not treat explicitly the supply side
of the market for loanable funds, i.e., the deposit market. We regard
the amount of loanable funds as exogenous and given.3 Imperfect in-

2The basic assumption of macroeconomic theory is Say’s law. We know,
however, that there are many examples that the channel from goods to money,
and vice versa, is not smooth. Lucas(1972, 1973) proposes one such mechanisms
by assuming imperfect information.

3Any partial-equilibrium investigation of banks’ behavior in extending credit
market must make sure that variations in the volume of credit reflect the supply
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formation is underlaid in this model, in which each bank’s managers
can observe only their own credit rate.

Consider a market with a large number of banks(indexed by i)
faced with the portfolio selection problem. We suppose that banks
are located in a large number of scattered, competitive markets. De-
mand for loans in each period is distributed unevenly over markets.
As a consequence, the situation as perceived by individual banks
will be quite different from the aggregate situation as seen by an
outside observer. Assume that the manager of a bank operates in
a risky environment and, in each period, can invest deposits into
some different assets; loans and other assets, such as bonds and se-
curities. Loans are different from other assets in terms of risk and
informational content.

Bonds and securities bear market risk and price risk, but the
market value of this component of the banks’ asset portfolio has a
predictable and manageable response to both financial market and
macroeconomic shocks. Banks can cure those risks by changing po-
sitions or pooling various kinds of securities. On the other hand,
loans to private borrowers exhibit both market risk and default risk.
Default risk in loans is inevitable because bank managers can not
perfectly predict future returns on loans. In addition, the default
risk is correlated with macroeconomic conditions, as well as financial
market conditions, such as the cost of short-term funds. Therefore,
uncertainty about economic conditions and the likelihood of loan
default would have clear effects on lending decisions and banks must
acquire costly information on borrowers before extending loans to
new or existing customers. From these reasons we classify assets
into two classes; bonds and loans.

Although bank managers are completely separated in terms of
information, using a linear regression they can estimate the unob-
served variable in a manner that is optimal. Here, we define the
“optimal” estimation rule as the rule where the expected value of
the sum of squared measurement error is minimized in the least

side of the market for loanable funds
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squares sense.4

We assume that there are many banks indexed by i. Each period,
banks allocate their asset to bonds and loans.5 For bank i, the
investment in risky loans provides a stochastic return, ri, given by

ri = rf + ρi + εi, (1)

where rf is a risk free rate, ρi is a risk premium, and εi is the stochas-
tic component. The forecast error is assumed to be distributed
with mean zero and variance σ2

εi
. The return of bonds is rf that

is non-stochastic. While the return of loans, ri, is a random variable
because the random component εi is stochastic. Each bank has a
specific set of borrowers with different risk structures.

Bank managers rebalance their asset portfolios to maintain an
optimal level of risk and expected return each time. According to
their utility functions, they choose shares xi and (1 − xi) of their
assets to invest respectively in loans and bonds. However, before
making their decisions on shares, managers can not observe true
returns on loans. Instead, they observe a noisy signal from them:

Si = εi + ν, (2)

where ν is a random variable with normal distribution N(0, σν) in-
dependent of εi. By assumption, the noise component(ν) of the
signal(which proxies for the degree of macroeconomic uncertainty)
is identical for all banks, while the overall signals are different across
banks.6 Each bank faces defferent loan markets, and that lead to
different εi. To estimate the true return from loans, bank managers
must forecast the random component of loans εi more accurately.
To do so, bank i’s manager extracts additional information from
a signal Si by the signal extraction model.7 Hence,the conditional
expected value of the forecast error at time t given Si, E[εi|Si] is

E[εi|Si] = λtSi, (3)
4See Sargent(1987)
5For clearcut description, we drop the sign of period; t.
6It is because banks are unevenly and separately distributed into each market.
7See Sargent(1987)p.229.
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where λt =
σ2

ε,t

σ2

ε,t+σ2

ν,t
. From equation (3), the expected return of loans

is defined as
E[ri|Si] = rf + ρi + E[εi|Si]. (4)

Then, the conditional expected return of the i-th bank’s portfolio at
time t given Si, E[Yi|Si], is

E[Ỹi|Si] = (1 − xi)rf + xi(rf + ρ + λtSi). (5)

where Ỹ is total returns from bank i’ s portfolio at time t. From the
equation (5), we calculate the conditional variance of returns;

V ar[Ỹi|Si] = λtσ
2
ν(xi)

2. (6)

We assume that risk-averse banks have the following quadratic
expected utility function:

E[Ũi|Si] = E[Ỹi|Si] −
α

2
V ar[Ỹi|Si], (7)

where α is the coefficient of risk aversion. Since we assume that
banks are risk averse, α is a possitive coefficient.8 After solving the
expected utility maximization problem we obtain the optimal share
of loans xi for the ith bank:

xi =
ρ + λtSi

αλtσ2
ν

. (8)

Now we are in a position to examine the association between
macroeconomic uncertainty(σ2

ν) and banks lending behavior repre-
sented by xi, which we call the loan-to-asset(LTA) ratio. To do so,
we compute the cross-sectional variance of the optimal share of loans
from the equation (8);

V ar[xi] =
σ2

εi

α2σ4
ν

. (9)

8Banks play the role of intermediaries by collecting small deposits and in-
vesting risky loans. For safekeeping, banks are in charge for the deposit not to
be invested unduly in some risky venture. Therefore, banks have tried to build
a reputation of being risk less. See Freixas and Rochet(1997).
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To calcurate the effect of the time variation in the variance of eco-
nomic uncertainty (σ2

ν) on the variance of LTA raio, we differentiate
the equation(9) by σ2

νt
,

∂V ar[xi,t]

∂σ2
ν,t

= −
2σ2

εi,t

α2σ6
ν,t

< 0. (10)

The equation (10) means that an increase in macroeconomic un-
certainty, as captured by an increase in σ2

νt
, leads to a decrease in

the cross-sectional variance of the LTA ratio.

2.2 The empirical model

We solved the model of banks’ lending behavior in Section 2.1. As
a result, we obtained the inequality (10), which indicates the nega-
tive relationship between macroeconomic uncertainty and the cross
sectional variance of banks’ LTA ratios. To provide support for our
result (10), we consider the following empirical model;

Dispt(Li,t/TAi,t) = β0 + β1σ
2
ν,t + et , (11)

where the Dispt(Li,t/TAi,t) is a measure of the cross-sectional dis-
persion of banks’ loan-to-asset ratio at time t, σ2

ν,t represents the
macroeconomic uncertainty at time t, and et is an i.i.d. error term.

We expect from (10) that β1 should have a negative sign if greater
turmoil of macroeconomy is associated with a smaller dispersion of
banks’ lending behavior.

3 Empirical findings

3.1 Data

The data set to describe banks’ lending behavior is collected from Fi-
nancial Statements of All Banks (Zenkoku Ginko Zaimusyohyobun-
seki) via Nikkei NEEDS Financial Quest,which covers all banks in
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Japan on an annual basis from 1975 to 2007. This data set is drawn
up based on banks’ asset and liability reports.

The 1990s was a long period of economic stagnation, which be-
gan with a sharp fall in stock and land prices. Some banks went into
bankruptcy because of the accumulation of non-performing loans,
depreciation of land prices, and losses in the value of their own se-
curity holdings. City banks (Toshi-ginko) were consolidated at the
beginning of the 2000s. Hence, the number of banks in our sample
period changed, and, especially, the number of city banks decreased
because of bank consolidation. The number of banks each year is
presented in Table 1.

We built up banks’ loan to asset ratios(LTA) using the financial
accounts of banks. Tables 2-4 provide summaries of the characteris-
tics and distributions of the loan-to-asset ratios each year. From the
means of LTA ratios, we find that loans constitute about 50% of total
assets for city banks and approximate 70% for regional banks(Chiho-
ginko) over the sample periods. Japanese corporate financing pat-
terns had changed dramatically from 1970 to 1990. The shift away
from bank financing was at its peak in the late 1990.9 Figures 1-3
show the lowest point of LTA-ratios is 1990. These two findings are
two sides of the same coin. After 1990, LTA-ratios increased until
2000 and decreased from the 2000 onward.

Our concern is the dispersion of bank LTA ratios around their
mean values. We use the variance of the LTA ratios as a measure of
the cross-sectional dispersion of bank loans. Figures 4 displays the
time series of the variances of LTA ratio(V(LTA)) for city banks,
regional banks, and all types of banks. The city bank cross sectional
dispersion has more up and down swings than regional banks’.

The macroeconomic variables are drawn from the OECD main
economic indicators(MEI) dataset. The time span of the series is
from January 1975 to September 2007. There are several macroeco-
nomic proxies, such as GDP, money supply, and e.t.c. We employ
particularly CPI for two reasons. The first is an empirical reason:

9See Hoshi and Kashyap (2001, p. 245), Table 7.8.
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We need higher frequency data in time series analysis, i.e., unit root
test. The second is a theoretical reason. CPI is the proxy for price.
As we focus on the uncertainty of future returns from lending, infla-
tion rate is a direct proxy as such uncertainty. And CPI is frequently
used as a short-term indicator of the business cycle. For these two
reasons, we make use of monthly series of CPI.

3.2 Identifying macroeconomic uncertainty

As Engle(1982) mentioned it in his seminal paper, the variance of
inflation is a determinant of the response to various shocks. Al-
though there are several ways to measure macroeconomic uncer-
tainty, we here adopt the conditional heteroscedasticity estimated
with (G)ARCH model as the proxy of macroeconomic uncertainty.
The conditional variance of a variable can be estimated by the fol-
lowing (G)ARCH(p,q) specification:
ARCH(p) model:

{

yt = γyt−1 + ut

h2
t = ω + α1u

2
t−1 + α2u

2
t−2 + . . . + αpu

2
t−p,

(12)

and GARCH(p,q) model:

{

yt = γyt−1 + ut

h2
t = ω + α1u

2
t−1 + . . . + αpu

2
t−p + β1h

2
t−1 + . . . + βqh

2
t−q,

(13)

where y t is proxy for economic uncertainty as perceived by bank
manager, ut is the error term, and h2

t is the variance of ut. Pro-
vided that the coefficients on the (G)ARCH effects are statistically
significant, we use the fitted value as proxies for uncertainty.

Some macroeconomic indicators are used to describe the state
of the economy. We make use of CPI (Consumer Price Index), be-
cause these are available at higher (monthly) frequency than other
alternatives. And CPI is seasonally adjusted.

Conditional variance as a measure of uncertainty assumes that
the series is stationary and there is the presence of GARCH effects
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in the series. We transform CPI series into the log difference of
CPI(INF) to obtain a stationary series.

We tested this constructed proxy(INF) for stationarity via the
Augmented Dicky Fuller (ADF) test (1979) and Dicky Fuller GLS
test by Elliot, Rothenberg, and Stock(1996). The results of the unit
roots tests are reported in Tables 5 and 6. The null hypothesis of
unit roots is rejected at a highly significant level. To determine the
appropriate lags for these regressions, the Schwert’s suggestion is
used.

A Lagrange Multiplier test of ARCH against the null hypothesis
of no ARCH effects is carried out by computing χ2 = TR2 in the
regression of e2

t on constant and q lagged values. The result provides
evidence about ARCH effects in INF. See Table 7.

To test the G(ARCH) effects, Bollerslev suggests that a test for
GARCH effects should be performed first. We fit a GARCH(1,1)
model to the series of INF(the log difference of the CPI) where the
mean equation is an AR(12) for INF. The result is reported in Tables
8. Table 8 shows the coefficient of ARCH and GARCH terms are
significantly different from zero for INF series. Hence, we employ
the result of GARCH (1,1) model for INF series. To change the
frequency of the data, annualy series are constructed from monthly
series, where required, by using the Feburary value of each year.

3.3 The estimation results

The relationship between the dispersion of banks’ LTA ratios and
macroeconomic uncertainty is statistically tested by the univariate
OLS estimation.10 Table 9 presents the univariate OLS estimation

10The univariate OLS seems naive to test this relationship, because ĥt is
a generated regressor. Actually, existed papers(Baum et al. (2005) and
Quagliariello(2006)) use IV method to mitigate the problems of measurement
error in the construction of these proxy. But we make use of the OLS because
our sample size is too small (32 observations) to treat with such a method as
IV.
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result. And figures1-3 show the relationship between variances of
INF and each type of banks’ cross-sectional variance of LTA-ratio.

LTA dispersion for all banks and regional banks is negatively
related with macroeconomic uncertainty at 5% and 1% significant
levels respectively. While we could not obtain a significant result for
city banks, the coefficient is still negative.

One explanation for this is as follows: Because city banks are re-
lied heavily on loans to customers who gain access to capital markets.
Hence, such banks should have under-performed after deregulation.
We guess that the effect of deregulation is so large that we cannot
detect the impact of uncertainty on city banks lending behavior by
using this simple model.

Since we just perform univariate regression with 32 observations,
one may question whether findings are driven by other factors as
well, which might affect bank lending behavior. To see if this is the
case, we need data set at higher frequency. Instead, we can confirm
the negative association between macroeconomic uncertainty and
banks’ lending behavior in regional banks and all banks dataset.
Because main customers of regional banks are small and medium
size firms, the default risk of such lending increases more clearly
than city banks. Hence, we could detect the significant impact of
macroeconomic uncertainty on variances of regional banks’ lending
behavior. This result provides a supportive evidence for the argu-
ment that banks’ lending is more important financial resource for
small and medium size entity than for large company. This analysis
could be helpful to examine Japanese banks’ lending behavior.

4 Conclusions

In this paper, we attempt to illustrate Japanese banks’ lending be-
havior using Baum et al.’s portfolio model. Especially we focus on
assessing how macroeconomic uncertainty affects banks’ lending be-
havior. Japanese financial system is bank centered-finance. There-
fore, bank-lending attitudes more clearly affects firms’ finances than
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other countries which have many alternatives substitutes for bank
lending.

Econometric results confirm that macroeconomic uncertainty does
have a role in Japanese banks’ investment decisions. In periods of
increasing uncertainty, banks behave more homogenously. These re-
sults correspond with other analyses of bank lending behavior, such
as the “herd behavior” of Japanese banks and “credit rationing” in
the 1990s. Although our empirical findings are very restrictive, we
can confirm the negative association between macroeconomic uncer-
tainty and banks’ lending behavior.

Macroeconomic uncertainty is an important factor in banks’ lend-
ing decisions and a cause of distortion in asset allocation. For non-
rated small firms, bank lending is a more important resource of fi-
nance. From the perspective of monetary policy making, this as-
sociation is remarkable. Since bank loans are a relevant source of
financing for firms, policy makers should strive to see that the de-
gree of uncertainty is reduced in order to obtain long-term,stable
economic growth and effective asset allocation.
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Table 1: The Sample

Numbers of observations per annum
year cityBK regBK1 allBK2

1975 13 78 91
1976 13 78 91
1977 13 78 91
1978 13 78 91
1979 13 78 91
1980 13 78 91
1981 13 78 91
1982 13 78 91
1983 13 78 91
1984 13 78 91
1985 13 78 91
1986 13 80 93
1987 13 80 93
1988 13 80 93
1989 13 80 93
1990 13 80 93
1991 12 80 92
1992 11 81 92
1993 11 81 92
1994 11 81 92
1995 11 81 92
1996 11 81 92
1997 10 81 91
1998 9 81 90
1999 9 81 90
2000 9 81 90
2001 9 81 90
2002 7 82 89
2003 5 82 87
2004 5 82 87
2005 5 82 87
2006 4 82 86
2007 4 82 86
33 terms 351 2640 2991

1, regBK: Regional Bank which refers to reginal I and regional II banks.
2, allBK: All banks which refers to the city and regional I, and regional II
banks.
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Table 2: Descriptive Statistics : All types Banks’ Loan-to-Asset Ratios

All banks’ LTA ratios

Year Mean Std. Dev. Var Maximum Minimum
1975 0.660033 0.061617 0.003796700 0.778127 0.332794
1976 0.653436 0.059660 0.003559270 0.765787 0.329982
1977 0.648501 0.057902 0.003352600 0.767868 0.329985
1978 0.651356 0.052604 0.002767196 0.749184 0.362882
1979 0.642484 0.053700 0.002883684 0.730611 0.360488
1980 0.628177 0.063401 0.004019684 0.740069 0.331884
1981 0.624934 0.063196 0.003993681 0.739477 0.369042
1982 0.625674 0.067278 0.004526325 0.731642 0.354082
1983 0.627135 0.068121 0.004640459 0.747316 0.395248
1984 0.631540 0.065174 0.004247711 0.761106 0.413406
1985 0.634566 0.064894 0.004211252 0.762918 0.423757
1986 0.627506 0.057864 0.003348200 0.753895 0.424406
1987 0.623583 0.058013 0.003365552 0.749864 0.442547
1988 0.624637 0.055383 0.003067270 0.721866 0.444362
1989 0.621632 0.064290 0.004133225 0.738045 0.415706
1990 0.622476 0.074661 0.005574199 0.759782 0.393487
1991 0.634210 0.066169 0.004378400 0.766457 0.407057
1992 0.642900 0.063453 0.004026249 0.780342 0.442488
1993 0.661276 0.051174 0.002618804 0.764245 0.467687
1994 0.657379 0.049632 0.002463358 0.764841 0.466944
1995 0.657686 0.052409 0.002746697 0.774889 0.460686
1996 0.664916 0.054394 0.002958706 0.778669 0.464788
1997 0.668566 0.052609 0.002767727 0.762879 0.513416
1998 0.675044 0.055879 0.003122449 0.786304 0.518283
1999 0.675938 0.053617 0.002874831 0.789078 0.520911
2000 0.683931 0.057000 0.003249033 0.795475 0.501813
2001 0.664335 0.073157 0.005351932 0.823008 0.440405
2002 0.669330 0.068235 0.004655961 0.795367 0.484199
2003 0.679420 0.075392 0.005542625 0.826736 0.489728
2004 0.674893 0.083101 0.006738738 0.831109 0.455492
2005 0.670332 0.088012 0.007424103 0.854475 0.432693
2006 0.670065 0.082542 0.006500526 0.807021 0.473088
2007 0.672514 0.075392 0.005434169 0.797650 0.484980

16

1334



Table 3: Descriptive Statistics : City Banks’ Loan-to-Asset Ratios

City banks’ LTA ratio

Year Mean Std. Dev. Var Maximum Minimum
1975 0.562899 0.072222 0.005216039 0.620410 0.332794
1976 0.559397 0.071516 0.005114498 0.606087 0.329982
1977 0.558326 0.071620 0.005129360 0.607396 0.329985
1978 0.569211 0.065187 0.004249403 0.621683 0.362882
1979 0.564167 0.064201 0.004121741 0.626303 0.360488
1980 0.529333 0.066132 0.004373433 0.619444 0.331884
1981 0.524582 0.059783 0.003573996 0.636963 0.369042
1982 0.508951 0.063674 0.004054351 0.630721 0.354082
1983 0.511391 0.054575 0.002978405 0.628124 0.395248
1984 0.517257 0.048357 0.002338361 0.612742 0.413406
1985 0.514313 0.040485 0.001639051 0.587989 0.423757
1986 0.530768 0.040619 0.001649922 0.600798 0.424406
1987 0.526758 0.035236 0.001241599 0.602370 0.442547
1988 0.535652 0.045352 0.002056782 0.635424 0.444362
1989 0.523536 0.053994 0.002915299 0.625574 0.415706
1990 0.509943 0.057721 0.003331672 0.602970 0.393487
1991 0.548202 0.059626 0.003555259 0.624049 0.407057
1992 0.579722 0.061866 0.003827344 0.671113 0.442488
1993 0.627524 0.065754 0.004323532 0.727649 0.467687
1994 0.630601 0.065681 0.004313981 0.727608 0.466944
1995 0.632103 0.068801 0.004733531 0.724517 0.460686
1996 0.646613 0.067090 0.004501024 0.715171 0.464788
1997 0.666518 0.048611 0.002363039 0.731971 0.561769
1998 0.633171 0.053758 0.002889881 0.716374 0.518283
1999 0.644082 0.048466 0.002348985 0.727843 0.556797
2000 0.648171 0.055050 0.003030530 0.731155 0.530924
2001 0.571795 0.073272 0.005368736 0.671652 0.440405
2002 0.588912 0.062034 0.003848269 0.684873 0.484199
2003 0.567287 0.056381 0.003178840 0.674403 0.489728
2004 0.540767 0.060242 0.003629067 0.649736 0.455492
2005 0.523300 0.059628 0.003555486 0.619966 0.432693
2006 0.530326 0.058423 0.003413266 0.634994 0.473088
2007 0.554232 0.062407 0.003894628 0.649666 0.484980
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Table 4: Descriptive Statistics : Regional Banks’ Loan-to-Asset Ratios

Regional banks’ LTA ratio

Year Mean Std. Dev. Var Maximum Minimum
1975 0.674159 0.041520 0.001723903 0.778127 0.570433
1976 0.669242 0.038192 0.001458600 0.765787 0.584823
1977 0.666860 0.038777 0.001503682 0.767868 0.573472
1978 0.664938 0.037656 0.001417962 0.743098 0.575405
1979 0.659465 0.043120 0.001859317 0.761106 0.559368
1980 0.639923 0.044801 0.002007152 0.753895 0.536665
1981 0.637797 0.039504 0.001560548 0.721866 0.552760
1982 0.641406 0.040749 0.001660447 0.738045 0.543997
1983 0.651510 0.047021 0.002210960 0.759782 0.556967
1984 0.654578 0.044853 0.002011803 0.766457 0.566365
1985 0.663969 0.043178 0.001864300 0.780342 0.582545
1986 0.652495 0.046377 0.002150858 0.764245 0.532332
1987 0.644008 0.043925 0.001929445 0.764841 0.513837
1988 0.642177 0.047502 0.002256465 0.774889 0.520405
1989 0.638053 0.054201 0.002937779 0.766767 0.448514
1990 0.636592 0.058736 0.003449910 0.751893 0.470685
1991 0.645121 0.059935 0.003592224 0.786304 0.449401
1992 0.648037 0.061033 0.003725075 0.774645 0.460197
1993 0.680913 0.056091 0.003146179 0.795475 0.489351
1994 0.680402 0.057725 0.003332168 0.823008 0.476985
1995 0.682834 0.057798 0.003340563 0.795367 0.500121
1996 0.700225 0.060221 0.003626587 0.826736 0.511649
1997 0.701309 0.062501 0.003906405 0.831109 0.513416
1998 0.709137 0.059536 0.003544559 0.854475 0.522312
1999 0.704367 0.053951 0.002910731 0.807021 0.520911
2000 0.693778 0.057130 0.003263794 0.797650 0.501813
2001 0.680819 0.064043 0.004101544 0.793816 0.483400
2002 0.676641 0.067294 0.004528448 0.835605 0.486033
2003 0.672300 0.065216 0.004253105 0.802969 0.473506
2004 0.667372 0.067548 0.004562773 0.792287 0.500644
2005 0.658093 0.067417 0.004545019 0.782979 0.499085
2006 0.658984 0.067883 0.004608124 0.811256 0.522138
2007 0.667498 0.066785 0.004460192 0.798515 0.518868
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Table 5: ADF test for Unit Roots

ADF TESTS for UNIT ROOTS 3

Variable Z(t) statistics P value
LDCPI 4 -2.718629 *** 0.0065

Interpolated Dickey-Fuller
1 % critical value 5 % critical value 10 % critical value
-2.571062 -1.941659 -1.616140

*** indicates that the coefficient is different from zero at significance level of 1
% .
3, Augmented Dickey Fuller test for unit roots. Selection of the auxiliary regre-

ssion via “the Schwert’s suggestion”.
4, 11 lags included in the regression.

Table 6: DF-GLS test for Unit Roots
DF-GLS TESTS for UNIT ROOTS 5

Variable DF-GLS t stat.6 SC7

LDCPI 8 -2.554817 ** -8.116191
LDCPI 9 -3.129583 ** -8.126025

Interpolated DF − GLSτ

1 % critical value 5 % critical value 10 % critical value
-2.571062 -1.941659 -1.616140
-3.478000 -2.894000 -2.577000

** indicates that the coefficient is different from zero at significance level of 5
% .
5, A modified version of the Dickey-Fuller t test by Elliot, Rothenberg,

and Stock. Selection of the auxiliary regression via “the Schwert’s suggestion”.
6, DF-GLS t stat.: Dicky-Fuller Generalized Least Square t Statistics.
7, SC: Schwarz criterion.
8, 11 lags and drift included in the regression.
9, 11 lags, trend, and drift included in the regression.
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Table 7: LM test for ARCH effects

LM TEST for ARCH EFFECTS 10

Variable χ2 df P value
INF 11 4.924568 * 0 0.0265

* significant at the 10 per cent level.
10, Lagrange Multiplier test for ARCH effects. 11 lags included in the auxiliary

autoregression for INF.
11, LDCPI is designated as INF.

Table 8: Estimation of Macroeconomic Uncertainty GARCH(1,1) for INF

Coefficient Std. error Prob.
Mean equation
INF(-1) 0.732125 0.084664 0.0000
D(INF(-1)) -0.712707 0.088801 0.0000
D(INF(-2)) -0.837397 0.085610 0.0000
D(INF(-3)) -0.880129 0.095430 0.0000
D(INF(-4)) -0.878506 0.100147 0.0000
D(INF(-5)) -0.773630 0.101881 0.0000
D(INF(-6)) -0.715702 0.099364 0.0000
D(INF(-7)) -0.612192 0.093234 0.0000
D(INF(-8)) -0.545902 0.083187 0.0000
D(INF(-9)) -0.512165 0.069072 0.0000
D(INF(-10)) -0.567488 0.049464 0.0000
D(INF(-11)) -0.491044 0.031880 0.0000
Variance equation
C 4.93E-08 2.94E-08 0.0933
RESID(−1)2 -0.025585 *** 0.005417 0.0000
GARCH(-1) 1.017374 *** 0.005134 0.0000
No. of obs. 380

*** significant at the 1 per cent level.
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Table 9: Econometric Results: Univariate OLS Estimation

ECONOMETRIC RESULTS: UNIVARIATE OLS ESTIMAION

Uncertainty on inflation
AllBK
Variables Coeff. Std. error P value
C 0.004761 *** 0.000393 0.0000
INF -47.81450 ** 23.01011 0.0464
CityBK
C 0.003769 *** 0.000407 0.0000
INF -1.316202 23.81930 0.9563
RegionalBK
C 0.004328 *** 0.000196 0.0000
INF -93.82156 *** 11.47632 0.0000
No. of obs. 32

*, **, *** indicate that the coefficient is different from zero at significance level
of 10 %, 5 % , and 1 % , respectively.
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Figure 1 All Banks’ Cross-Sectional Dispersion of LTA vs. Inflation Uncertainty

¸ The continuous line denots the cross-sectional variance of banks’ LTA-ratio(left axis) in each graph.

The broken line denotes the conditional variance of inflation(right axis) in each graph.
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Figure 2 City Banks’ Cross-Sectional Dispersion of LTA vs. Inflation Uncertainty
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Figure 3 Regional Banks’ Cross-Sectional Dispersion of LTA vs. Inflation Uncertainty
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Figure 4 The time series of the Variances of LTA ratio for each types of banks
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interest rate and equity index futures 

 
 

Abstract 

 
This paper examines the effects of the direction of trade initiation and trade size on the 

resiliency of financial futures markets by analysing quote prices, bid-ask spreads and depths. 

The price and liquidity reactions reveal the unexpected information content of large trades, 

together with the motivation for exchanging a futures contract. In the market adjustment 

process, the size of quotes posted by liquidity providers are shown to play a more important 

role in futures markets than in previous research for equity markets. The liquidity cost of a 

large futures trade is mainly a pecuniary externality borne by other traders by impairing their 

continued ability to trade. 

 
JEL classification: G13, G14 
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1. Introduction 

 
The market impact of large futures trades and the speed of adjustment in the limit order book 

surrounding large-trade execution are assessed. In the microstructure literature in this area, 

futures markets have received considerably less attention than equity markets, despite the 

vital role they play in risk transfer and price discovery in global financial markets (Grossman 

and Miller, 1988). Previous work based on futures markets has concentrated on stock index 

futures. For example, Berkman, Brailsford and Frino (2005) examine the impact of different 

trade sizes using a small sample of two expiration cycles in the one year for the FTSE 100 

stock index futures contract. They find only a small permanent price impact associated with 

trades in index futures, implying that trades in stock index futures are primarily liquidity 

motivated and carry little information. Their results are surprising given the inherent leverage 

and lower transaction costs of futures are likely to attract informed traders (Fleming, Ostdiek 

and Whaley, 1996). Even more surprising, they find no statistically significant relationship 

between permanent price effects and trade size. Further evidence is provided regarding the 

information signal conveyed by large trades using an extensive sample of twenty-eight 

expiration cycles spanning seven years for a suite of interest rate and equity index futures 

contracts that differ with respect to their risk profiles and baseline liquidity levels. 

 
The analysis tests whether liquidity effects are significantly associated with information 

content as measured by trade size. Information asymmetry in futures markets, where 

investors trade to resolve differential private views on market-wide information, is likely to 

be fundamentally different in nature to information asymmetry in equity markets, where 

investors trade to exploit stock-specific information (Chan, 1992; Frino, Walter and West, 

2000). In futures markets, information advantages are derived from superior information 

processing skills rather than from leakages of private information. Therefore, the liquidity 

supply response to large trades is analysed to determine whether liquidity providers in futures 

markets make the same strategic choices to those in equity markets. Specialists and other 

liquidity providers in equity markets have been shown to actively manage adverse selection 

risk by adjusting both bid-ask spreads and depth (Koski and Michaely, 2000). Furthermore, 

the systematic component of adverse selection that remains for contracts such as stock index 

futures written over a basket of securities, where the individual equity-specific component of 

adverse selection tends to be diversified away, is revealed (Subrahmanyam, 1991; Gorton and 

Pennacchi, 1993). 
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Research on how order-driven financial markets provide liquidity when large trades arrive is 

often confined to bid-ask spreads (for example Hasbrouck, 1991), with inadequate attention 

given to the inevitable disruptions to the supply of liquidity that sustains the continued ability 

to trade. The replenishment process for market depth, in particular, reflects how quickly the 

adverse selection problem dissipates after large block trades at the same time that there is a 

surge in demand to trade on the information contained in the block itself. An electronic limit 

order book operated without the presence of designated market-makers for the Australian 

futures market provides an ideal setting to explore these issues and widen the assessment of 

the liquidity response to include quoted depth. The absence of designated market-makers 

removes a market entry barrier that could otherwise sustain agency market power and 

influence patterns in liquidity provision and trading activity around large trades (Tse, 1999).1 

The electronic limit order book facilitates a study based on data that is captured online in real 

time and where all bids and offers are revealed to other traders through a continuous auction 

system of trading. Comparable data for other futures markets such as those operating in the 

United States are not available. 

 
1.1 Price effects and speed of adjustment 

 
This paper provides insights into the roles that the direction of trade initiation and trade size 

play in forming prices in futures markets. Easley and O’Hara (1987) show that trade size 

affects security prices because it is correlated with private information about the value of the 

security. Previous research provides empirical evidence of the price effects and speed of 

adjustment to large trades in equity markets.2 Temporary price effects of large trades 

observed in equity markets have been ascribed to liquidity costs (including adverse selection, 

inventory control and search components), whereas permanent price effects are often ascribed 

to either inelastic demand conditions or the arrival of new information. Holthausen, Leftwich 

and Mayers (1990) in the United States and Aitken and Frino (1996) in Australia find that 

permanent price effects dominate temporary price effects for both block purchases and block 

sales in equity markets and these results hold across sub-samples of block size and alternative 

                                                 
1 Futures markets rely on the presence of locals, who trade as principals on their own accounts and act as 
‘voluntary market makers’ in the sense that they provide liquidity to incoming market orders. Unlike the 
specialists at the New York Stock Exchange (NYSE) or the dealers at the National Association of Securities 
Dealers Automated Quotations (NASDAQ), locals have no obligation to recurrently bid or offer. 
2 Kraus and Stoll (1972), Holthausen, Leftwich and Mayers (1987; 1990), Hasbrouck (1988; 1991), Barclay and 
Warner (1993), Chan and Lakonishok (1993) and Koski and Michaely (2000) in the United States, Gemmill 
(1996) in the United Kingdom and Ball and Finn (1989), Aitken and Frino (1996) and Anderson, Cooper and 
Prevost (2006) in Australia among others provide empirical evidence from equity markets. 
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measures of price impact.3 This paper examines the impact of trades of various sizes to 

provide equivalent evidence for financial futures markets. 

 
The inherent leverage and lower transaction costs of futures are likely to attract informed 

traders. Fleming, Ostdiek and Whaley (1996) show that trading S&P 500 futures, for example, 

costs about 3 percent of the cost of trading an equivalent stock portfolio. As a result, they find 

that S&P 500 futures prices appear to lead the S&P 500 stock index, even after controlling 

for the effects of infrequent trading on the index. For market-wide information, price 

discovery occurs in the index futures market where trading costs are considerably less than 

the cost of trading the basket stocks in the index.4 The structure of trading costs suggests that 

large futures trades should have permanent price effects because informed traders prefer to 

exploit their information advantages in the futures market rather than in the cash market. 

Informed buyers believe the futures contract is underpriced and informed sellers believe the 

futures contract is overpriced. The trade size could represent the quality of the information 

contained in their trades (Chan and Lakonishok, 1993). 

 
Several prior studies based on equity markets establish an asymmetry between purchases and 

sales in the price reaction following large transactions (Kraus and Stoll, 1972; Holthausen, 

Leftwich and Mayers, 1987; 1990; Chan and Lakonishok, 1993; Aitken and Frino, 1996; and 

Gemmill, 1996). These studies show that prices remain high after block purchases whereas 

they tend to revert back towards pre-trade levels after block sales. The different price 

reactions between purchases and sales could reflect the reluctance of brokers to accommodate 

clients’ purchases by undertaking short positions. Alternatively, purchases might convey a 

stronger signal of favourable information, whereas there are numerous liquidity-motivated 

reasons to dispose of stock (Chan and Lakonishok, 1993). Futures markets differ from equity 

markets at least to the extent that there are no additional costs for traders taking short 

positions compared to long positions. Without the constraints on short sales experienced in 

equity markets, there are potentially as many informed sellers as informed buyers. In these 

conditions, there should be no asymmetry in the price reaction between purchases and sales. 

                                                 
3 Holthausen, Leftwich and Mayers (1990) define blocks as the largest fifty trades by number of shares traded 
for each stock by tick type. Similarly, Aitken and Frino (1996) define blocks as the largest one percent of on-
market trades for each stock over their sample period. 
4 Berkman, Brailsford and Frino (2005) confirm that the execution costs paid by the initiators of large trades in 
the FTSE 100 stock index futures contract are substantially lower than for large on-market trades in index-
constituent equities on the London Stock Exchange (LSE). Similarly, Frino and Oetomo (2005) demonstrate that 
the slippage costs incurred in executing packages of trades that are likely to belong to the same original orders 
are significantly lower in futures markets than in equity markets. 
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There is little empirical evidence of the price effects of large trades in futures markets.5 

Using the FTSE 100 stock index futures contract traded on the London International 

Financial Futures and Options Exchange (LIFFE), Berkman, Brailsford and Frino (2005) find

there is only a small permanent price impact associated with trades in index futures. Their 

results reveal that much of the initial price reaction is reversed, especially for large t

Furthermore, they find no evidence of asymmetry in the price reaction following large trades 

in stock index futures, suggesting that the asymmetry documented in previous studies is 

specific to equity markets. This paper examines whether the price recovery documented for 

London equity index futures is evident in the price changes surrounding large trades for a 

suite of Australian interest rate and equity index futures. In doing so, previous research 

documenting that large trades contribute to the information dissemination process is extended 

to a broader range of financial futures contracts. 

 

rades. 

                                                

 
This paper analyses how quickly prices adjust to a new equilibrium after a large block trade 

to determine whether incentives exist for liquidity providers to restrict the size of sequential 

price changes in futures markets. Dann, Mayers and Raab (1977) present early evidence of 

the speed of adjustment of stock prices to large block transactions on the NYSE. They find 

that although the adjustment is rapid, the prices do not appear to be unbiased estimates of 

closing prices until more than ten minutes after the occurrence of a block trade. They suggest 

the anomaly could be due to transactions observed in the immediate post-block period that 

are part of the compensation offered to NYSE members to absorb the block (the 

‘compensation’ hypothesis) or to obligations on specialists to restrict the size of sequential 

price changes (the ‘orderly market’ hypothesis). Faster adjustment times are expected in 

futures markets, where there are no affirmative obligations of market-makers to maintain 

smooth and orderly price changes. 

 
Holthausen, Leftwich and Mayers (1990) find that prices rebound quickly after a block trade 

on the NYSE. For buyer-initiated trades, the price reversal takes one trade at most. For seller-

initiated trades, most of the recovery occurs within one trade of the block and the recovery is 

complete within three trades. Holthausen, Leftwich and Mayers’ results indicate that the 

speed of response depends on block size: the larger the block, the slower the adjustment. 

 
5 Using intraday data on German index futures, Kempf and Korn (1999) analyse the price impact of net order 
flow measured as the difference between buyer and seller-initiated trading volume in each one minute interval. 
They find the information content of order flow increases with its size. However, their research is confined to 
stock index futures and they do not consider the price effects of large individual trades. 
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They argue this will be the case if larger blocks induce traders to offer price concessions on 

subsequent sales to avoid inventory holding costs and if traders reduce their inventory 

immediately after the block.6 The price adjustment to large futures trades is observed to 

determine whether there is any support for the compensation hypothesis, the orderly market 

hypothesis or an inventory management explanation in futures markets. 

 
1.2 Liquidity effects and speed of adjustment 

 
In view of the distinctive price effects of large futures trades, the market response to large-

trade activity is further probed by examining changes in liquidity surrounding large-trade 

execution, as well as the time taken for liquidity to return to normal. Moulton (1998) 

describes a “decrease in liquidity after a large trade that returns quickly to pre-trade levels” as 

a sign of market resiliency (see also Bernstein, 1987). Evidence presented by Moulton 

indicates liquidity drops after large equity trades on the NYSE then returns to pre-large trade 

levels quickly, both in terms of quote update time (within roughly three quotations) and clock 

time (within roughly fifteen minutes).7 He also finds that the return of liquidity to normal 

levels is significantly related to whether limit orders or specialist orders provide counterparty 

volume to the large trade and to security-specific attributes such as trading activity and bid-

ask spread widths, rather than whether it is a purchase or a sale and the relative size of the 

trade. Given the alternative structure of electronic limit-order driven futures markets where 

any potential counterparties are required to post visible quotes, this study endeavours to 

establish equivalent benchmarks for market resiliency and test whether the speed of liquidity 

recovery is essentially a product of contract-specific attributes. The proxy suggested by 

Moulton, the time taken for both spreads and depths to return to pre-trade levels, is adopted 

as a measure of the resiliency of interest rate and equity index futures markets to the impact 

of large trades. Thus, a more comprehensive analysis of market resiliency is obtained. 

 
The liquidity supply response to large futures trades is analysed to determine whether 

liquidity providers in futures markets make the same strategic choices to those in equity 

markets. Specialists and other liquidity providers in equity markets actively manage adverse 

                                                 
6 Inventory costs are small in futures markets. Manaster and Mann (1996) show that the median S&P 500 index 
futures trader reduces inventory by almost fifty percent in one trade, whereas Hasbrouck and Sofianos (1993) 
and Madhavan and Smidt (1993) find that it takes an equity specialist a matter of weeks to reduce an inventory 
imbalance to the same extent. 
7 To investigate the systematic changes in quoted liquidity around large trades on the NYSE, Moulton (1998) 
develops a quoted liquidity metric to indicate the number of shares that can be traded per unit cost (the inverse 
of the slope of the equity specialist’s demand curve). 
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selection risk by adjusting both bid-ask spreads and depth. Kavajecz (1999) demonstrates that 

depths are used as a strategic choice variable by NYSE specialists, documenting changes in 

quoted depth consistent with specialists managing their inventory positions as well as having 

knowledge of the future price of the stock. Koski and Michaely (2000) document that spreads 

increase significantly and depths decrease significantly after large trades on the NYSE, 

though not after small trades. They also show that excess spreads above a pre-trade 

benchmark after large purchases are relatively greater during dividend announcement periods, 

when information asymmetry is higher, than during ex-dividend periods. 

 
The findings of other studies are consistent with an increase in adverse selection risk after 

large trades. For NYSE-listed equities, Lee, Mucklow and Ready (1993) document that bid-

ask spreads widen and depths drop after volume shocks; liquidity suppliers use increased 

volume to infer the presence of informed traders. Hasbrouck (1991) shows, by estimating 

vector autoregressive (VAR) models for trades and quote revisions, that large trades induce 

an increase in the spread and trades which occur in the face of a relatively wide spread have a 

greater price impact than those which occur when spreads are narrow. The results of these 

studies are consistent with the Easley and O’Hara (1992a) prediction that volume shocks are 

associated with higher information risk and lower market liquidity. 

 
In futures markets, any increase in adverse selection risk after large trades is likely to 

originate from systematic factors. Subrahmanyam (1991) and Gorton and Pennacchi (1993) 

show that adverse selection costs can be expected to be lower in equity index futures markets 

than in the underlying equity markets because the individual equity-specific component of 

adverse selection tends to be diversified away in contracts written over a basket of securities.8 

Suppliers of liquidity are less exposed to the risk of private information pertaining to 

individual equities.9 Subrahmanyam shows that the diversification of systematic information 

further reduces adverse selection in the index futures market relative to the underlying equity 

markets, even when there are traders who are informed about the systematic component of 

                                                 
8 The absence of ‘upstairs trading’ in an off-market block trade facility for interest rate futures contributes to the 
low adverse selection component of execution costs in the downstairs market, because liquidity-motivated 
traders do not have the option to use the services of an upstairs broker to obtain lower trading costs 
(Bessembinder and Venkataraman, 2003). 
9 The low risk of private information in futures markets does not imply that futures trades are bereft of any 
information content. Futures markets are shown to be driven by public information in the form of 
macroeconomic news, as discussed in the next section. Hasbrouck (1991) points out that the requirement in 
analyses which relate trading and price movements that public information is not useful in predicting the trade 
innovation is most likely to be violated when there are market features which impair the quote revision process 
and thereby constrain the quote revisions from fully reflecting public information. 
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equity values, if the sensitivities to systematic risk differ in sign across the individual equities. 

The analysis of the liquidity impact of large trades presented in this paper reveals what 

systematic component of adverse selection risk remains for interest rate and equity index 

futures when these diversification benefits are realised. 

 
With regard to the speed of recovery in the limit order book, Biais, Hillion and Spatt (1995) 

analyse the interrelated dynamics of the order flow and order book for equities traded on the 

Paris Bourse. They find investors place limit orders when bid-ask spreads are wide or the 

order book is thin, providing liquidity when it is valuable to the marketplace. Following 

market orders, the market response to restore the prior state of the book is rapid (taking less 

than ninety seconds), which Biais, Hillion and Spatt attribute to intense competition in 

supplying liquidity10. Limit order traders monitor the order book and wait for favourable 

order placement opportunities. This study seeks to ascertain how quickly limit order 

placement opportunities re-emerge as liquidity providers adjust their price expectations and 

safeguard against the adverse selection problem following large trades in futures markets. 

 
This paper tests the predictions of information models that incorporate quoted depth. 

Recognising that the size of quotes posted by market makers have received scant research 

attention relative to the price of quotes, Mann and Ramanlal (1996) model the adverse 

selection component of the bid-ask spread and the corresponding component of the size of 

quotes in a competitive dealership market. They argue that the quote size is a more 

informative indicator of market liquidity, defined as the relative market power of liquidity 

traders versus informed traders, than the adverse selection component of the spread.11 

Dealers lower their quote sizes as a first response to a decrease in market liquidity, and only 

when the quote sizes are at a minimum do they resort to wider spreads. This paper t

implications of the theoretical model developed by Mann and Ramanlal: (i) the extent to 

which liquidity providers maintain lower quote sizes as a first response to the disruption to 

market liquidity caused by a large trade; and (ii) the extent to which the quote sizes are 

slower to recover than the spreads. 

ests two 

                                                

 

 
10 Similarly, Aitken, Frino and Sayers (1994) do not detect any significant disruption to spreads surrounding 
block trades in Australian equities. 
11 Mann and Ramanlal (1996) show that the rate at which the size quotes become increasingly asymmetric 
reflects the rate at which private information is impounded in prices. Block trades could improve the 
informational efficiency of futures markets, to the extent that they instantly make the size of quotes asymmetric. 
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With reference to the liquidity adjustment surrounding large trades, this paper examines how 

the trading costs incurred by limit order traders as suppliers of liquidity are passed through to 

the consumers of liquidity in futures markets. Market liquidity is modelled by Grossman and 

Miller (1988) as being determined by the demand and supply of immediacy to trade now 

rather than wait to trade later. Demsetz (1968: 35-6) describes the bid-ask spread as “the 

markup that is paid for predictable immediacy of exchange in organised markets”. In the 

context of a competitive futures market, the demand for immediacy is elastic due to the 

availability of liquidity in substitute securities and the supply of immediacy is also elastic due 

to the low risk of trading with better informed investors. Two consequences of these demand 

and supply conditions for the market adjustment to large trades are expected: (i) to the extent 

that liquidity suppliers anticipate an intra-day increase in the demand for immediacy, 

unquoted latent depth will be converted to an increase in quoted depth and higher volumes 

traded per unit of time while spreads remain close to the minimum tick and; (ii) when a large 

trade creates a temporary disruption to the supply of immediacy, the disruption is expected to 

be realised primarily in the form of a reduction in quoted depth (lower size quotes) rather 

than through substantially wider spreads. In particular, the liquidity cost of a large trade will 

be a pecuniary externality borne by other traders by impairing their continued ability to trade 

in large quantities over the interim period. 

 
1.3 Information content of futures trades 

 
The information disseminated through futures trading has two features that distinguish it from 

other kinds of information affecting market prices. The first feature relates to the source of 

the information. Futures market price volatility and volume are shown to be driven by public 

information released in the form of macroeconomic news, for interest rate and foreign 

exchange futures (Ederington and Lee, 1993) and equity index futures (Tse, 1999).12 In 

making an investment decision based on public information, investors gain an advantage 

from superior information processing skills rather than from having seen the numbers first.13 

The futures price adjustment is observed in this study to infer the unexpected informational 

content of large trades derived through macroeconomic analysis and the interpretation of 

market-wide events. In particular, the objective is to isolate the portion of information that is 
                                                 
12 Similarly, Fleming and Remolona (1997) find that the largest price shocks and the greatest surges in trading 
activity in the United States Treasury securities market stem from the arrival of public information, especially 
when taking account of the surprise component of a given announcement. 
13 Strictly defined, public information is that which affects prices before anyone can trade on it (French and Roll, 
1986: 9). This definition ignores any heterogeneity in information processing ability among market participants. 
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delivered to futures markets through large trades, to distinguish it from information that is 

delivered through other forms of information media.14 

 
The second feature of the information contained in futures trades is that its timing is 

unpredictable relative to scheduled economic announcements. Despite the low inventory 

costs in futures markets, locals are less able to protect themselves against unwanted inventory 

derived from unexpectedly large trades than that derived from the unexpected components of 

macroeconomic data releases. Seeing that macroeconomic news may alter futures prices 

immediately and significantly, traders will quote a higher ask or lower bid at the release time, 

to avoid unwanted inventory (as shown by Tse, 1999 in the United Kingdom). In contrast to 

the regularity of macroeconomic data, there is no equivalent forewarning of large trades in a 

continuous auction system of trading. The information contained in large trades may reach 

the market at any time during the trading day, including the periods after the market opening 

and following the official release of macroeconomic data. The only cue to locals of an 

impending large trade is through systematic interdependency in the order flow. 

 
The distinct source and uncertain timing of the information revealed in large futures trades 

necessitates that the efficiency of futures markets in responding to these trades be evaluated, 

relative to their efficiency in responding to macroeconomic announcements analysed in prior 

research. Ederington and Lee (1995) find that the major adjustment of United States interest 

rate and foreign exchange futures prices to a scheduled macroeconomic news release is 

complete within 40 seconds of the release and zero drift is observed after three minutes. Not 

all studies are unequivocal about the rapid reaction of futures prices to macroeconomic 

announcements. Becker, Finnerty and Kopecky (1996) find that the reaction of Eurodollar 

and Treasury bond futures prices to unexpected news about the merchandise trade balance 

appears to be delayed; while in the case of consumer price index and non-farm payroll news 

shocks, prices tend to under-react initially. They attribute this anomalous price behaviour to 

some unspecified bias in using Money Market Services (MMS) forecasts to derive the 

unexpected components of macroeconomic data releases or, alternatively, market inefficiency. 

 

                                                 
14 Large trades can have permanent price effects and appear to contain original information, simply because they 
transmit information from the underlying cash market to the futures market. 
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The news effects of Australian scheduled macroeconomic announcements including the 

consumer price index inflation rate, the gross domestic product growth rate and the retail 

sales growth rate on Australian 10 year government bond futures traded on the Sydney 

Futures Exchange are investigated by Kim and Sheen (2001). Their results indicate that most 

of the price adjustment and volatility response are concluded within the first minute of 

trading after the 11.30 a.m. announcement. In comparison, this study determines whether the 

speed of adjustment in response to large trades is as rapid as previous evidence suggests it is 

in response to new information relevant for bond pricing contained in scheduled economic 

information releases. 

 
Block trades may provoke subsequent trading activity in much the same way that has been 

shown for macroeconomic news. Enlightening in this respect, Fleming and Remolona’s 

(1999) exposition on inter-dealer trading in the United States five-year Treasury note market 

around the release times of major macroeconomic announcements reflects the primary 

motivation for trading in markets dominated by public information. They discover a two-

stage adjustment to such public information. In a brief first stage, the release induces a sharp 

and nearly instantaneous price change accompanied by dramatically wider bid-ask spreads 

and a reduction in trading volume. Market makers evidently widen or withdraw their quotes 

to manage the inventory risk of sharp price changes. In a prolonged second stage, trading 

volume surges and persists along with high price volatility and moderately wide bid-ask 

spreads. Fleming and Remolona attribute the extended second phase of the adjustment 

process to residual disagreement among investors about what the just-released information 

means for prices.15 

 
For futures markets, this paper contends that the market response to large trades will 

resemble the two-phase response to news releases described by Fleming and Remolona 

(1999), because both the initial inventory risk and the motivation for frenetic follow-up trades 

are similarly based on a public information event (albeit an impromptu event). A large on-

market trade instantly transmits information from the private domain into the public domain. 

The information signal in the trade is inclined to excite the market. Traders then seek to re-

establish a consensus on the meaning of the large trade for prices, until they consider that it is 

                                                 
15 Alternative explanations for the delayed rise and slow decline in trading volume after announcements include 
portfolio rebalancing after significant price changes and the unwinding of speculative positions established 
during the few minutes prior to announcements. Fleming and Remolona (1999) point out that these activities 
may be expected to lead to a surge in volume, but not persistently high volatility. 
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no longer profitable for them to contribute to the debate. The increased trading activity 

prompts a rapid recovery in the bid-ask spread, as liquidity suppliers respond to the increased 

demand for immediacy. This argument predicts that a block trade produces an increase in risk 

(reflected in higher volatility after the trade) that stimulates an increase in trading activity, as 

traders rush to express differences of opinion about the price implication of the block. 

 
In relation to the price formation process, the market response may indicate the extent to 

which block trades have the capacity to change the average reservation price across traders 

and, separately, to provoke greater disagreement among traders when they revise their 

reservation prices for the futures contract. Traders exchange a futures contract because they 

interpret the same piece of information differently, reaching different conclusions about the 

probabilities of future events. With traders disagreeing on the interpretations of private 

signals, Hindy (1994) analyses the doubled-sided auction price formation mechanism in a 

purely speculative futures market in the absence of liquidity traders and a designated market 

maker. He shows that trading volume and changes in prices are related to two different 

properties of the information flow pattern; volume is related to the reversals or fluctuations 

over time of a typical trader’s private signal around the average signal, while changes in 

prices are related to changes in the median of signals. Similarly, Tauchen and Pitts (1983) 

derive and estimate a model of the 90-day United States Treasury bills futures market, where 

the market clearing price is the average reservation price across traders and the trading 

volume is proportional to the average absolute deviation of the reservation price changes 

about their mean. In this sense, the average trade represents a swing in views. 

 
The remainder of this article is organised as follows. Section 2 describes the institutional 

setting, sample and methodology. Results concerning price effects are in section 3. Section 4 

presents results about liquidity. Section 5 concludes. 

 
2. Market structure, sample and methodology 

 
2.1 Institutional setting 

 
This study examines market orders executed on the Sydney Futures Exchange (SFE). The 

SFE is the thirteenth largest futures exchange in the world by volume traded and the third 

largest in the Asia-Pacific region (Burghardt, 2007: 28). The exchange operates an electronic 

trading system, which facilitates a study based on data that are captured online in real time. 
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The main interest rate contracts, 90 Day Bank Accepted Bills Futures, 3 Year 

Commonwealth Treasury Bond Futures and 10 Year Commonwealth Treasury Bond Futures, 

are among the top fifteen most actively traded in the world in their respective asset classes. 

The equity index contract, SFE SPI 200TM Index Futures, is written over the investment 

benchmark for the Australian equity market. 

 
SFE’s electronic trading system, Sydney Computerised Market (SYCOM®), operates 24 

hours a day. The system allows brokers to route client orders from computers located in their 

offices to the central market. The day session commences at 8:30 a.m. and finishes at 4:30 

p.m. Sydney local time for the interest rate contracts and commences at 9:50 a.m. and 

finishes at 4:30 p.m. for SFE SPI 200TM futures. The contracts expire in March, June, 

September and December each year. The minimum ticks for the interest rate contracts are one 

basis point (0.01 annual percentage yield), one basis point and half a basis point representing 

approximately 24, 28 and 40 Australian dollars per contract (varying with the level of interest 

rates) for 90 day bank bill futures, 3 year Treasury bond futures and 10 year Treasury bond 

futures respectively. The minimum tick for SFE SPI 200TM futures is one index point 

representing a fixed amount of 25 Australian dollars per contract. Limit orders are queued for 

execution using price then time priority. SYCOM allows traders to see the order depth at the 

three best bid and ask prices. Transaction prices and volumes are recorded and reported 

immediately. 

 
2.2 Data and sample 

 
Reuters intraday trade and quote data for the four major contracts traded on the exchange 

were provided by the Securities Industry Research Centre of Asia-Pacific (SIRCA). These are 

90 day bank bill futures, 3 year Treasury bond futures, 10 year Treasury bond futures and 

SFE SPI 200TM futures. The SFE became a fully electronic exchange from 15 November 

1999 and SFE SPI 200TM futures were launched on 2 May 2000. Therefore, the sample years 

2001 to 2007 are selected to allow an extensive sample of trades.16 To obtain a structural 

break-free data set for 3 year Treasury bond futures, the sample excludes the period from 8 

December 2006 when new minimum tick arrangements were introduced. The study focuses 

on normal trading during day sessions in the second nearest contract maturity for 90 day bank 

                                                 
16 Over the seven year sample period, the spot price of 90 day bank bills decreased from 93.77 to 92.62 
(expressed as one hundred minus the yield published by the Reserve Bank of Australia) and the S&P/ASX 200 
spot index value increased from 3,261.1 to 6,176.9. 

 12

1357



bill futures and the nearest contract maturity for the other three contracts, to ensure that the 

results pertain to the most liquid segment of the market.17 

 
Before conducting any analysis, two exclusion criteria are applied to reduce the possibility of 

extraneous events confounding the analysis. Firstly, trades executed with less than 10 trading 

days remaining to the last trading day for the nearest-to-maturity contract are excluded to 

avoid any bias in measuring quote price and liquidity changes due to transactions associated 

with investors closing out their positions in the near contract.18 Secondly, trades within the 

first 20 quote revisions or the last 20 quote revisions of the day are excluded to obtain 

continuous series that demonstrate adjustments to the order book surrounding trades. The 

main sample resulting from the application of these two criteria is described below. 

 

  

90 day 
bank bill 

futures 

3 year 
treasury 

bond 
futures 

10 year 
treasury 

bond 
futures 

SFE SPI 
200™ 

futures 
     
Initial sample 272,059 644,105 903,938 4,596,696 
     
Excluding trades with:     
   Less than 10 subsequent trading days to expiration - 103,531 139,033 687,741 
   Less than 20 preceding or 20 subsequent quotes 12,942 18,399 23,228 28,590 
      within the day     
     
Main sample 259,117 522,175 741,677 3,880,365 
     
Excluding trades with:     
   Less than 20 preceding or 20 subsequent trades 59,080 33,897 37,812 32,240 
      within the day     
     
Trade sub-sample 200,037 488,278 703,865 3,848,125 
 
 

                                                 
17 The SFE introduced an off-market block trade facility for SFE SPI 200TM futures from 1 May 2001, with a 
minimum threshold of 500 lots reduced to 300 lots from 30 August 2002 and reduced again to 200 lots from 23 
October 2006. Only a very small portion of SFE SPI 200TM futures trades are arranged through the off-market 
facility. In 2007, 98,794 lots were transacted off-market, representing 1.2 percent of the total volume. Trades 
arranged through the off-market facility are excluded from the sample, given that different order arrangement 
and publication rules apply to these trades. 
18 Frino and McKenzie (2002) document a sharp increase in the magnitude of calendar spread mispricing for 
SFE SPI 200TM futures immediately prior to maturity of the near contract, related to a sharp decline in open 
interest in the near contract and an increase in open interest in the deferred contract. 
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The main sample of trades was then ranked by size and divided into tertiles based on 

cumulative volume (such that there is roughly the same aggregate volume in each size 

category). Blocks represent the largest group and are defined in terms of the number of 

contracts: trades of at least 574 lots in 90 day bank bill futures, 500 lots in 3 year Treasury 

bond futures, 150 lots in 10 year Treasury bond futures or 15 lots in SFE SPI 200TM futures.19 

Table 1 provides descriptive statistics on the characteristics of the sample trades in the four 

contracts. There is an average of 146 trades per day in 90 day bank bill futures, 409 trades per 

day in 3 year Treasury bond futures, 498 trades per day in 10 year Treasury bond futures and 

2,615 trades per day in SFE SPI 200TM futures across the seven years included in the main 

sample. While SFE SPI 200TM futures are more frequently traded than the three interest rate 

contracts, the interest rate contracts are traded in much larger parcels (in terms of the average 

notional value per trade) with the average parcel size decreasing in the duration of the 

underlying interest rate. 

 
Table 1 also provides summary statistics for block purchases and sales. On average, there are 

2 block purchases and sales per day in 90 day bank bill futures, 8 block purchases and sales 

per day in 3 year Treasury bond futures, 9 block purchases and sales per day in 10 year 

Treasury bond futures and 76 block purchases and sales per day in SFE SPI 200TM futures 

included in the main sample. The average value of a block purchase ranges from 2.7 million 

Australian dollars for SFE SPI 200TM futures to 1.2 billion Australian dollars for 90 day bank 

bill futures. 

 

                                                 
19 Additional analysis is undertaken using alternate trade size categories and the results are broadly similar to 
those reported in this article. 
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Table 1     
Descriptive statistics     
     
Panel A: 90 day bank bill futures    
  1-199 lots 200-573 lots 574 + lots Total 
Purchases     
   Number 107,992 16,771 3,841 128,604 
   Volume 3,742,781 5,284,779 4,614,812 13,642,372 
   Avg. # contracts/trade 34.7 315.1 1,201.5 106.1 
   Avg. # counterparties/trade 1.3 2.9 6.3 1.6 

Sales     
   Number 110,635 16,149 3,729 130,513 
   Volume 3,746,668 5,089,597 4,321,251 13,157,516 
   Avg. # contracts/trade 33.9 315.2 1,158.8 100.8 
   Avg. # counterparties/trade 1.3 2.9 6.1 1.6 
     
Panel B: 3 year treasury bond futures    
  1-199 lots 200-499 lots 500 + lots Total 
Purchases     
   Number 224,319 25,563 10,700 260,582 
   Volume 7,841,688 7,029,163 9,089,011 23,959,862 
   Avg. # contracts/trade 35.0 275.0 849.4 91.9 
   Avg. # counterparties/trade 1.5 3.9 7.6 2.0 

Sales     
   Number 225,753 25,420 10,420 261,593 
   Volume 7,667,556 6,910,032 8,726,670 23,304,258 
   Avg. # contracts/trade 34.0 271.8 837.5 89.1 
   Avg. # counterparties/trade 1.5 3.9 7.7 2.0 
     
Panel C: 10 year treasury bond futures    
  1-49 lots 50-149 lots 150 + lots Total 
Purchases     
   Number 297,100 53,250 14,054 364,404 
   Volume 2,997,743 4,104,330 3,835,024 10,937,097 
   Avg. # contracts/trade 10.1 77.1 272.9 30.0 
   Avg. # counterparties/trade 1.4 3.0 6.1 1.8 

Sales     
   Number 311,516 52,540 13,217 377,273 
   Volume 3,083,581 4,038,100 3,527,202 10,648,883 
   Avg. # contracts/trade 9.9 76.9 266.9 28.2 
   Avg. # counterparties/trade 1.4 3.0 6.0 1.8 
     
Panel D: SFE SPI 200TM futures    
  1-4 lots 5-14 lots 15 + lots Total 
Purchases     
   Number 1,335,975 466,250 113,516 1,915,741 
   Volume 2,247,483 3,499,231 2,912,530 8,659,244 
   Avg. # contracts/trade 1.7 7.5 25.7 4.5 
   Avg. # counterparties/trade 1.1 2.0 3.5 1.5 

Sales     
   Number 1,389,288 463,221 112,115 1,964,624 
   Volume 2,313,025 3,472,691 2,891,839 8,677,555 
   Avg. # contracts/trade 1.7 7.5 25.8 4.4 
   Avg. # counterparties/trade 1.1 2.0 3.6 1.5 

Descriptive statistics regarding purchases and sales of 90 day bank bill futures (Panel A), 3 year 
treasury bond futures (Panel B), 10 year treasury bond futures (Panel C) and SFE SPI 200TM 
futures (Panel D). 
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In the tables and figures in this article, results are reported in quotation event time. To 

provide some indication of the relative clock time for these events, the time intervals between 

quote revisions surrounding purchases and sales of different sizes are documented in 

appendix 1.20 Quotes are updated approximately every 38 seconds for 90 day bank bill 

futures, every 19 seconds for 3 year Treasury bond futures and 10 year Treasury bond futures 

and every 4 seconds for SFE SPI 200TM futures. When large block trades occur, the average 

time elapsed since the last posted quote is about 46 seconds for 90 day bank bill futures, 25 

seconds for 3 year Treasury bond futures, 29 seconds for 10 year Treasury bond futures and 6 

seconds for SFE SPI 200TM futures. Quotes are revised after large block trades within 7 

seconds for 90 day bank bill futures, within 4 seconds for 3 year Treasury bond futures, 

within 5 seconds for 10 year Treasury bond futures and within 3 seconds for SFE SPI 200TM 

futures. 

 
Easley and O’Hara (1987) demonstrate that the entire sequence of trades, not merely 

aggregate trade size, determines the market impact of block trades because liquidity providers 

use the trading sequence to infer the probability of an information event. The direction of 

initiation, size and frequency of the sequence of trades surrounding the block futures trades 

are reported in appendix 2. Purchases and sales arrive at the market in clusters with other 

trades in the same direction and large trades are accompanied by other larger than average 

trades. This suggests that the price and liquidity effects of futures block trades documented in 

this article culminate from the sequence of surrounding trades acting in combination with the 

block itself, rather than from individual block trades acting independently of the surrounding 

order flow. 

 
To facilitate the analysis of the market impact and speed of adjustment surrounding trades of 

different sizes, data are also collected on all trades of 1 to 199 lots in 90 day bank bill futures 

or 3 year Treasury bond futures, 1 to 49 lots in 10 year Treasury bond futures or 1 to 4 lots in 

SFE SPI 200TM futures (defined as small trades) and 200 to 573 lots in 90 day bank bill 

futures, 200 to 499 lots in 3 year Treasury bond futures, 50 to 149 lots in 10 year Treasury 

bond futures or 5 to 14 lots in SFE SPI 200TM futures (defined as medium-size trades). 

Smaller trades occur much more frequently than larger trades. For example, there are more 
                                                 
20 The description of the time intervals between quotes surrounding trades of different sizes is an attempt to 
redress, in some part, the statistical problem identified by Easley and O’Hara (1992b: 599): “A researcher 
watching transaction prices (and ignoring clock time and quantities) is allowing the market participants to select 
random observations of the underlying price process with sampling times correlated with the evolution of the 
process.” 
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than 107,000 small (1 to 199 lot) purchases of 90 day bank bill futures, compared to 16,771 

medium purchases of 200 to 573 lots and 3,841 large block purchases. 

 
2.3 Classification and aggregation of buy and sell transactions 

 
A quote-based rule is used to classify purchases and sales. Specifically, all trades that occur 

above or equal to the prevailing ask price are classified as purchases and all trades that occur 

below or equal to the bid price are classified as sales. Excluded from the initial sample are 

trades that occur in the opening single price auction (under a call market regime) and trades 

that occur inside the spread during normal trading.21 

 
The electronic limit order book enables brokers to execute large transactions (via market 

orders) against standing limit orders placed by a number of different counterparties at a 

number of different sequential price levels. Such transactions are reported as separate 

individual trades with consecutive time stamps. At the same time, quote revisions that occur 

as the market order cuts into the limit order book are not reported if the series of individual 

trades results from the same market order. For the purposes of this study, a sequence of 

individual trade records is grouped into a single aggregate trade record which belongs to the 

same market order. Specifically, individual trade records are grouped into an aggregate trade 

record if they are executed (i) with the same bid and ask quotes prevailing immediately 

before the trade, (ii) in the same direction and (iii) within 5 seconds of each other. The size of 

the aggregate trade is the sum of the sizes of the individual constituent trades in number of 

contracts. 

 
2.4 Excess return and excess spread calculations 

 
Koski and Michaely (2000) demonstrate that transaction prices are a biased measure of the 

effect of information on prices because price effects are obscured by noise associated with 

bid-ask bounce. Therefore, this bias is avoided by analysing quoted prices, spreads and depth. 

This paper characterises the speed of adjustment in the market by the quote-to-quote price 

and liquidity changes that occur from ten quotes before to twenty quotes after each block. 

 

                                                 
21 Less than 0.25 percent of the trades captured during normal trading in each of the four contracts could not be 
classified because they occur inside the spread and were excluded from the sample. 
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Following Holthausen, Leftwich and Mayers (1990) and Koski and Michaely (2000), a 

benchmark return series is constructed for each contract maturity from the returns for quotes -

20 through -11 relative to all trades of a given size. Mean excess returns are computed across 

purchases or sales of given size z for each contract. The methodology in equation (1) is used 

to compute mean excess returns for small (z = 1), medium (z = 2) and large (z = 3) purchases 

and sales as follows: 
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and 

Ri,j,t(z) ≡ return for quote t relative to trade of interest j for maturity i, 

Ni,pur(z) ≡ number of purchases of size z for maturity i, 

Ni,sal(z) ≡ number of sales of size z for maturity i and 

Ni(z) ≡ total number of quotes for maturity i in the benchmark periods for all trades 

of size z. 

 
Returns are computed using ask quote prices for purchases and bid quote prices for sales. 

Different benchmarks are computed for each trade size and for each contract maturity. For 

example, to compute mean excess returns relative to large block purchases, benchmark 

returns are first computed for each maturity using quotes -20 through -11 relative to all block 

trades for that maturity. Excess returns relative to the maturity-specific benchmark are 

averaged across all block purchases and across all maturities. The excess return for quote 0 

relative to the trade of interest is defined as the excess return from the prevailing quote to the 

trade of interest. The excess return for quote +1 is defined as the excess return from the trade 

of interest to the outstanding quote after the trade of interest. Returns based on quoted prices 

defined in this manner are reported to illustrate the location of the trade of interest relative to 

the surrounding quotes and to measure the information impact on quoted prices directly. 
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Lee, Mucklow and Ready (1993) show that both bid-ask spreads and depth are needed to 

infer changes in liquidity unambiguously; changes in either spreads or depth alone could 

reflect movements along the liquidity supply curve rather than shifts in the position of the 

curve itself. Therefore, changes in both spreads and depth are examined to determine the 

characteristics of the liquidity adjustment surrounding large trades. 

 
To measure liquidity, mean spreads relative to a purchase of interest are computed as 
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where Si,j,t(z) ≡ quoted bid-ask spread in basis or index points (ask minus bid) for contract 

maturity i at quote t relative to the trade of interest j of size z. Using a methodology similar to 

that for excess returns, a benchmark spread series for each maturity is also constructed using 

the bid-ask spread for quotes -20 through -11 relative to all trades of size z. Mean excess 

spreads relative to purchases of size z during the sample period are computed as 
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As a second measure of liquidity, mean depths relative to purchases of size z are computed as 
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where Di,j,t(z) ≡ depth (defined as the ask depth relative to purchases and bid depth relative 

to sales, in number of contracts) for contract maturity i at quote t relative to the trade of 

interest j of size z. A benchmark depth series for each maturity is constructed using the depth 
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for quotes -20 through -11 relative to all trades of size z. Mean excess depths relative to 

purchases are computed as 
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This methodology is used to compute benchmark and excess spread and depth statistics 

relative to small, medium and large purchases and sales. 

 
3. Changes in the levels of bid and ask quoted prices 

 
This section documents price effects following the execution of large market orders as 

measured by changes in bid and ask quoted prices. Figures 1 and 2 illustrate cumulative 

excess returns computed using ask quotes around purchases and bid quotes around sales 

respectively.22 Table 2 reports mean excess returns computed using the same quoted prices, 

as defined in equation (1). The cumulative price changes (from quote -10 through quote +20 

relative to the trade of interest) increase monotonically with the size of the purchase (figure 

1) and decrease monotonically with the size of the sale (figure 2). These results are as 

predicted if trade size is correlated with information. 

 
Traders exercise a degree of patience in executing small and medium-size trades that is not 

evident for block trades. Ask quotes decrease in price prior to the arrival of small and 

medium purchases and bid quotes increase in price prior to the arrival of small and medium 

sales. Small and medium trades take place when prices move to more favourable levels, 

suggesting that the demand to trade these sizes is relatively price elastic. Similar results are 

evident in the behaviour of quoted prices before NYSE-listed equity trades reported by Koski 

and Michaely (2000). This behaviour of quotes before trades also demonstrates that the price 

improvement process in financial markets is not confined to that offered by specialists in 
                                                 
22 Also computed are revisions in bid quotes surrounding purchases and ask quotes surrounding sales, as well as 
mid-quote price changes surrounding purchases and sales. In each case, the results are almost identical to those 
reported in this article. 
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quote-driven dealer markets. In their quest to exploit a short-lived information advantage, 

traders appear to be less willing to wait until prices move to more favourable levels before 

placing large market orders and consequently the extent of price improvement before large 

block trades is relatively meagre. 

 
Ask quotes are revised upwards in quote +1 after block purchases and continue to be revised 

upwards in subsequent quotes. Differences in the initial revisions (from the trade to the first 

quote after the trade) between small trades and blocks are highly statistically significant after 

purchases of all four contracts (see table 2). Initial price revisions do not appear to be 

overreactions that are subsequently corrected; there is little evidence of any substantial price 

recovery (except briefly in two subsequent quotes for SFE SPI 200TM futures). These results 

suggest that any temporary price effects due to transitory factors such as inventory control, 

search costs or temporary information effects are more than compensated by permanent price 

effects. Likewise, bid quotes are revised downwards in quote +1 after block sales and 

continue to be revised downwards in subsequent quotes. In contrast to previous findings from 

equity markets, the permanent price effects of block sales match the permanent price effects 

of block purchases, implying that there are at least as many informed sellers as informed 

buyers in futures markets. 

 
The price adjustment process is hastened by the speed of quote revisions after blocks. In 

quote update time, consecutive ask quote returns after block purchases are positive and 

significant for seven quotes for 90 day bank bill futures, twelve quotes for 3 year Treasury 

bond futures, eight quotes for 10 year Treasury bond futures and twelve quotes (following a 

slight recovery) for SFE SPI 200TM futures. In clock time, the results reported in appendix 1 

imply that most of the price adjustment occurs within roughly 63 seconds for 90 day bank bill 

futures, 70 seconds for 3 year Treasury bond futures, 59 seconds for 10 year Treasury bond 

futures and 61 seconds for SFE SPI 200TM futures. Similar results are documented for block 

sales. These results are comparable with Kim and Sheen (2001) who find that the price 

adjustment in the Australian 10 year bond futures market to the scheduled release of 

macroeconomic information is concentrated in the first minute after release. 
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Figure 1 
Cumulative excess quote returns surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200™ futures 
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Cumulative excess returns based on quotation prices by quote relative to the purchase of interest (trade 0) for 
small, medium and large purchases. 
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Figure 2 
Cumulative excess quote returns surrounding sales 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200™ futures 

 
Cumulative excess returns based on quotation prices by quote relative to the sale of interest (trade 0) for small, 
medium and large sales. 
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Table 2                     
Quote excess returns by direction and size of trade               
                     
  Quote relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2   -1  0  1  2   -2  -1  0  1  2 
Panel A: 90 day bank bill futures                 
1-199  lots                     
   Mean  -0.033  -0.070  0.000  0.227  0.028  0.030  0.068  0.000  -0.221  -0.025 
   t: Mean = 0  -37.83  -76.84  8.37  174.73  28.16  35.62  77.54  -3.76  -168.70  -24.71 
200-573 lots                     
   Mean  -0.018  -0.025  0.001  0.218  0.074  0.020  0.022  -0.002  -0.226  -0.069 
   t: Mean = 0 

lot
 -11.97  -18.61  2.53  67.73  26.61  12.53  16.89  -5.40  -66.71  -24.06 

574 +  s                     
   Mean  -0.002  -0.005  0.001  0.271  0.044  0.002  0.001  -0.003  -0.282  -0.042 
   t: Mean = 0   -1.56   -3.68  1.74  37.66  9.36   1.36  0.41  -2.73  -38.26  -8.81 
                     
Panel B: 3 year treasury bond futures 

lots
                

1-199                      
   Mean  -0.026  -0.051  0.000  0.145  0.038  0.026  0.050  0.000  -0.144  -0.039 
   t: Mean = 0  -53.13  -99.63  10.48  193.74  60.55  53.55  98.94  -0.91  -193.54  -62.65 
200-499 lots                     
   Mean  -0.013  -0.013  0.001  0.175  0.056  0.014  0.014  -0.001  -0.179  -0.063 
   t: Mean = 0 

lot
 -13.87  -16.75  4.76  73.32  29.06  13.57  17.72  -4.07  -73.98  -31.33 

500 +  s                     
   Mean  -0.002  -0.002  0.001  0.166  0.055  0.001  0.002  -0.002  -0.171  -0.069 
   t: Mean = 0   -2.63   -3.10  3.44  46.04  21.25   0.73  3.38  -4.19  -46.37  -23.86 
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Table 2 continued                   
  Quote relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2   -1  0  1  2   -2  -1  0  1  2 
Panel C: 10 year treasury bond futures                 
1-49  lots                     
   Mean  -0.020  -0.054  0.001  0.139  0.015  0.019  0.051  0.000  -0.131  -0.014 
   t: Mean = 0 

lo
 -48.16  -129.94  21.74  328.78  38.96  60.12  157.46  -12.14  -324.73  -40.98 

50-149  t

s

s                     
   Mean  -0.019  -0.032  0.001  0.166  0.023  0.020  0.031  -0.001  -0.167  -0.025 
   t: Mean = 0 

lot
 -30.19  -53.90  13.07  137.53  25.02  30.30  51.22  -11.35  -159.36  -26.10 

150 +                      
   Mean  -0.004  -0.004  0.002  0.195  0.013  0.004  0.005  -0.005  -0.201  -0.017 
   t: Mean = 0   -4.59   -6.49  7.76  91.76  8.34   4.39  6.60  -11.50  -91.25  -10.30 
                     
Panel D: SFE SPI 200TM futures 

lots
                

1-4                      
   Mean  -0.049  -0.146  0.002  0.354  0.034  0.049  0.135  -0.002  -0.324  -0.042 
   t: Mean = 0 

lots
 -117.10  -348.58  77.90  795.55  76.94  122.74  341.48  -64.28  -755.34  -100.29 

5-14                      
   Mean  -0.059  -0.122  0.013  0.470  0.034  0.060  0.118  -0.012  -0.459  -0.036 
   t: Mean = 0 

lots
 -87.00  -190.88  91.35  599.23  42.12  90.67  188.47  -80.86  -583.88  -45.62 

15 +                      
   Mean  -0.017  -0.052  0.070  0.600  -0.028  0.023  0.050  -0.078  -0.597  0.023 
   t: Mean = 0   -13.14   -42.49  83.61  362.10  -17.75   18.17  41.77  -86.73  -351.00  14.62 

Excess returns by quote relative to small, medium and large trades. Quote-to-quote returns are computed from ask quote to ask quote for purchases and 
from bid quote to bid quote for sales. The excess return for quote 0 relative to the block trade is defined as the excess return from the prevailing quote to 
the block trade. The excess return for quote +1 is defined as the excess return from the block trade to the first quote after the block trade. Mean is the mean 
excess return in basis or index points. t: Mean = 0 is the t-statistic for the test of the null hypothesis that the mean excess return equals zero. Results are 
reported for 90 day bank bill futures (panel A), 3 year treasury bond futures (panel B), 10 year treasury bond futures (panel C) and SFE SPI 200TM futures 
(panel D). 
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The results in this section suggest that large market orders are more often based on a short-

lived trading advantage, derived from superior information processing skills.23 Frino and 

Oetomo (2005) examine the price impact for packages of trades that are likely to belong to 

the same original orders executed in the same contracts analysed in this study. The trade 

packages they examine are typically executed over several hours or days.24 They find little 

evidence that trade packages convey information (by the close of trading on the day after the 

package completely executes). The results presented here do not dispel the possibility that 

trade packages represent the portfolio rebalancing activities of large institutional investors, 

either to obtain desired hedging positions or based on long-lived information that is released 

into the public domain gradually over weeks and months. Unlike the portfolio rebalancing 

activities that could require patient execution over several days, trading to express divergent 

views on the meaning of public information is an activity that is resolved quickly (within a 

few trades). Hence, prices adjust sharply to block trades executed using market orders 

without recovering. 

 
Further evidence relating to the source of the price effects associated with block trades is 

obtained by examining the liquidity adjustment around blocks. A persistent disruption to 

liquidity after block trades may indicate a temporary shift in the balance of market power 

from liquidity traders to informed traders, with liquidity providers straight away becoming 

uncertain about whether the block trade was based on information (Easley and O’Hara, 1987; 

Mann and Ramanlal, 1996). 

 
4. Impact of trades on liquidity 

 
This section analyses the systematic changes in quoted liquidity surrounding large-trade 

execution, as well as the time taken for liquidity to return to normal levels. The spread 

between the bid and ask prices is adopted as a measure of the price of liquidity and the depth 

at the best prevailing quotes is adopted as a measure of the quantity of liquidity that 

participants are willing to provide at the quoted price. The arrival of a block trade temporarily 

                                                 
23 This is consistent with the finding of Kurov (2005) that customer limit orders in futures markets incur adverse 
selection costs. 
24 A limitation of the data set employed by Frino and Oetomo (2005) is that they are unable to distinguish 
whether trade packages are executed using market orders or limit orders. A follow-up study by Frino, Kruk and 
Lepone (2007) applying the trade package benchmarks to all individual trades in the package does not measure 
the price effects of large market orders because individual trades resulting from the same market order and 
executed against multiple limit orders are treated separately. Large market orders typically transact with several 
counterparties at a time, as shown in table 1. 
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interrupts the supply of liquidity by consuming depth and potentially widening the spread. It 

could intensify the adverse selection problem if some market participants are better equipped 

to interpret the information signal provided by the block than others, which would obstruct or 

delay the recovery in liquidity (Hasbrouck, 1991; Lee, Mucklow and Ready, 1993; Koski and 

Michaely, 2000; Anderson, Cooper and Prevost, 2006). At the same time, if the arrival of the 

block trade excites the market, in the sense that it widens the disparity of views among 

traders about the intrinsic value of the contract, it could further stimulate the demand for 

immediacy and hasten the recovery in liquidity due to the intense competition between 

liquidity providers to meet the newly created excess demand. 

 
To examine the adjustment in the price and quantity of market liquidity, figures 3 and 4 

illustrate changes in excess bid-ask spreads [as defined in equation (3)] and figures 5 and 6 

illustrate changes in excess depth [equation (5)] around purchases and sales of different sizes 

in each contract. Table 3 reports average spreads [equation (2)] and excess spreads and table 

4 reports average depth [equation (4)] and excess depth as a function of trade size around 

purchases and sales. 

 
Excess bid-ask spreads immediately after block trades in the equity index contract are 

substantially larger than after block trades in the interest rate contracts (table 3). For example, 

the excess spread immediately after large block purchases of SFE SPI 200TM futures 

represents 6.1 percent of the minimum tick (of one index point). This value compares to 

excess spreads immediately after block purchases of 90 day bank bill futures of 0.5 percent of 

the minimum tick, immediately after block purchases of 3 year Treasury bond futures of 0.9 

percent of the minimum tick and immediately after block purchases of 10 year Treasury bond 

futures of 2.0 percent of the minimum tick. Excess spreads are also larger immediately after 

block trades than immediately after small and medium trades. For example, the excess spread 

immediately after large block purchases of 90 day bank bill futures of 0.005 basis points 

compares to excess spreads immediately after medium purchases of -0.005 basis points and 

immediately after small purchases of -0.002 basis points. These differences are statistically 

significant (at the one percent level). Results show that spreads after block purchases remain 

wider for at least eighteen quotes for 90 day bank bill futures, twelve quotes for 3 year 

Treasury bond futures, fifteen quotes for 10 year Treasury bond futures and at least twenty 

quotes for SFE SPI 200TM futures. In clock time, the wider spreads persist for longer than one 

minute after block purchases of all four contracts. Similar results hold for block sales. 
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Figure 3 
Excess bid-ask spreads surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Excess bid-ask spreads relative to purchases of various sizes. Trade 0 represents the block trade of interest. 
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Figure 4 
Excess bid-ask spreads surrounding sales 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Excess bid-ask spreads relative to sales of various sizes. Trade 0 represents the block trade of interest. 
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Figure 5 
Excess market depth surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Excess market depth (ask quote depth) relative to purchases of various sizes. Depth is in number of contracts. 
Trade 0 represents the block trade of interest. 
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Figure 6 
Excess market depth surrounding sales 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 

-120
-100
-80
-60
-40
-20

0
20

-10 -5 -1 1 5 10 15 20

Q
ua

nt
ity

. 150 + lots
50-149 lots
1-49 lots

 
Panel D: SFE SPI 200TM futures 

 
Excess market depth (bid quote depth) relative to sales of various sizes. Depth is in number of contracts. Trade 0 
represents the block trade of interest. 

-6
-4
-2
0
2
4
6
8

10

-10 -5 -1 1 5 10 15 20

Q
ua

nt
ity

.

1-4 lots
5-14 lots
15 + lots

1376



 

Table 3                     
Bid-ask spreads by direction and size of trade                 
                     
  Quote relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2  -1  1  2  3   -2  -1  1  2  3 
Panel A: 90 day bank bill futures                   
1-199 lots                     
   Mean spread  1.031  1.011  1.051  1.057  1.061  1.032  1.012  1.053  1.058  1.062 
   Mean excess spread  -0.023  -0.042  -0.002  0.003  0.008  -0.022  -0.042  -0.001  0.005  0.008 
   t: Excess spread = 0 

lots
 -37.43  -105.16  -3.06  4.28  9.71  -36.95  -103.17  -0.67  5.52  10.20 

200-573                      
   Mean spread  1.013  1.006  1.027  1.035  1.042  1.014  1.007  1.030  1.036  1.042 
   Mean excess spread  -0.019  -0.027  -0.005  0.003  0.010  -0.019  -0.025  -0.002  0.004  0.010 
   t: Excess spread = 0 

lots
 -17.00  -33.14  -3.77  2.05  5.96  -16.22  -28.47  -1.50  2.40  5.47 

574 +                      
   Mean spread  1.003  1.002  1.017  1.017  1.018  1.006  1.006  1.020  1.019  1.023 
   Mean excess spread  -0.009  -0.010  0.005  0.005  0.006  -0.006  -0.006  0.008  0.007  0.011 
   t: Excess spread = 0   -8.62  -12.34  2.43  2.32  2.83   -3.82  -3.41  2.71  3.13  4.42 
                     
Panel B: 3 year treasury bond futures 

lots
                 

1-199                      
   Mean spread  1.008  1.002  1.013  1.015  1.015  1.008  1.003  1.015  1.016  1.016 
   Mean excess spread  -0.002  -0.008  0.002  0.004  0.004  -0.002  -0.007  0.005  0.006  0.006 
   t: Excess spread = 0 

lots
 -8.76  -57.31  8.79  15.57  16.44  -8.69  -47.70  16.42  20.45  19.92 

200-499                      
   Mean spread  1.004  1.002  1.009  1.011  1.011  1.004  1.003  1.011  1.012  1.012 
   Mean excess spread  -0.004  -0.006  0.001  0.004  0.003  -0.004  -0.005  0.003  0.005  0.005 
   t: Excess spread = 0 

lots
 -8.21  -17.62  2.44  5.13  4.81  -6.68  -11.42  4.36  6.08  6.44 

500 +                      
   Mean spread  1.001  1.001  1.014  1.011  1.009  1.002  1.002  1.012  1.011  1.009 
   Mean excess spread  -0.003  -0.003  0.009  0.007  0.004  -0.002  -0.002  0.007  0.006  0.005 
   t: Excess spread = 0   -12.47  -8.67  8.30  6.78  4.88   -3.11  -3.10  5.84  5.59  4.82 
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Table 3 continued                     
  Quote relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2  -1  1  2  3   -2  -1  1  2  3 
Panel C: 10 year treasury bond futures                 
1-49  lots                     
   Mean spread  0.520  0.507  0.532  0.533  0.533  0.519  0.507  0.533  0.533  0.532 
   Mean excess spread  -0.010  -0.024  0.001  0.003  0.002  -0.011  -0.022  0.004  0.003  0.002 
   t: Excess spread = 0 

lots
 -33.08  -179.33  5.54  10.08  9.70  -54.72  -155.92  14.11  11.89  9.78 

50-149                      
   Mean spread  0.510  0.504  0.526  0.526  0.525  0.513  0.507  0.527  0.526  0.526 
   Mean excess spread  -0.011  -0.017  0.005  0.005  0.004  -0.009  -0.015  0.005  0.005  0.005 
   t: Excess spread = 0 

lots
 -29.87  -69.90  6.65  6.15  5.41  -6.07  -10.43  9.41  8.38  8.70 

150 +                      
   Mean spread  0.503  0.503  0.521  0.519  0.518  0.506  0.504  0.520  0.518  0.517 
   Mean excess spread  -0.008  -0.008  0.010  0.008  0.007  -0.005  -0.007  0.009  0.008  0.006 
   t: Excess spread = 0   -20.92  -22.21  10.05  8.38  7.63   -5.20  -15.57  9.29  7.93  6.55 
                     
Panel D: SFE SPI 200TM futures 

lots
                  

1-4                      
   Mean spread  1.139  1.073  1.193  1.203  1.203  1.135  1.081  1.209  1.205  1.204 
   Mean excess spread  -0.059  -0.126  -0.005  0.005  0.005  -0.064  -0.118  0.011  0.006  0.006 
   t: Excess spread = 0 

lots
 -181.10  -503.06  -12.69  13.70  11.79  -202.84  -461.15  27.69  16.82  14.72 

5-14                      
   Mean spread  1.095  1.054  1.168  1.179  1.178  1.094  1.059  1.177  1.178  1.178 
   Mean excess spread  -0.078  -0.119  -0.005  0.006  0.005  -0.078  -0.113  0.005  0.006  0.005 
   t: Excess spread = 0 

lots
 -167.60  -327.65  -8.42  9.52  7.63  -168.98  -301.12  7.17  8.86  8.52 

15 +                      
   Mean spread  1.088  1.070  1.208  1.202  1.187  1.095  1.080  1.219  1.209  1.197 
   Mean excess spread  -0.059  -0.077  0.061  0.055  0.041  -0.052  -0.067  0.071  0.062  0.050 
   t: Excess spread = 0   -64.69  -94.53  40.58  37.64  28.67   -54.43  -75.42  45.81  40.30  33.95 

Summary statistics regarding bid-ask spreads for quotes relative to small, medium and large trades. Mean spread is the mean bid-ask spread in basis or index points. 
Excess spreads are spreads in excess of a benchmark level, computed using spreads -20 through -11 relative to trades of a given size. For excess spreads, reported 
results include Mean excess spread and t: Excess spread = 0 (the t-statistic for the test of the null hypothesis that the mean excess spread equals zero). Results are 
reported for 90 day bank bill futures (panel A), 3 year treasury bond futures (panel B), 10 year treasury bond futures (panel C) and SFE SPI 200TM futures (panel D). 
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Table 4                     
Depth by direction and size of trade                  
                     
  Quote relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2  -1  1  2  3   -2  -1  1  2  3 
Panel A: 90 day bank bill futures                   
1-199  lots                     
   Mean depth  1,441.8  1,320.2  1,633.5  1,677.4  1,710.0  1,350.2  1,236.6  1,528.1  1,568.7  1,595.5 
   Mean excess depth  -242.5  -364.1  -50.9  -6.9  25.6  -313.8  -427.4  -135.8  -95.3  -68.5 
   t: Excess depth = 0 

lots
 -39.81  -60.47  -8.17  -1.11  4.08  -56.84  -77.72  -24.10  -16.87  -12.11 

200-573                      
   Mean depth  1,298.8  1,172.0  1,458.4  1,668.6  1,808.4  1,191.0  1,083.6  1,377.8  1,549.2  1,687.4 
   Mean excess depth  -643.4  -770.2  -483.8  -273.7  -133.9  -715.2  -822.7  -528.5  -357.1  -218.9 
   t: Excess depth = 0 

lots
 -46.53  -58.41  -29.94  -15.88  -7.47  -57.56  -67.35  -34.03  -21.76  -12.87 

574 +                      
   Mean depth  2,725.1  2,624.6  2,609.2  2,726.7  2,875.2  2,522.4  2,433.7  2,383.5  2,508.0  2,632.2 
   Mean excess depth  -442.6  -543.1  -558.4  -440.9  -292.5  -704.1  -792.8  -843.0  -718.4  -594.3 
   t: Excess depth = 0   -10.64  -13.39  -11.27  -8.81  -5.69   -19.43  -22.27  -20.28  -16.72  -13.30 
                     
Panel B: 3 year treasury bond futures 

lots
                 

1-199                      
   Mean depth  1,175.7  1,069.6  1,283.7  1,343.5  1,390.2  1,122.5  1,021.6  1,221.1  1,276.9  1,317.4 
   Mean excess depth  -331.8  -437.8  -223.7  -163.9  -117.2  -378.5  -479.4  -280.0  -224.1  -183.6 
   t: Excess depth = 0 

lots
 -116.99  -154.49  -77.06  -56.04  -39.93  -148.33  -187.44  -107.45  -85.43  -69.78 

200-499                      
   Mean depth  1,087.4  1,001.9  1,159.1  1,279.0  1,368.8  1,008.7  917.6  1,068.8  1,196.7  1,292.6 
   Mean excess depth  -588.9  -674.4  -517.2  -397.3  -307.5  -652.7  -743.8  -592.7  -464.8  -368.9 
   t: Excess depth = 0 

lots
 -77.61  -89.61  -58.97  -43.03  -32.32  -93.54  -107.37  -73.06  -54.57  -42.20 

500 +                      
   Mean depth  1,866.5  1,804.7  1,481.4  1,600.9  1,718.2  1,767.8  1,700.3  1,412.2  1,535.1  1,660.1 
   Mean excess depth  -425.9  -487.7  -811.1  -691.5  -574.2  -513.8  -581.3  -869.5  -746.6  -621.5 
   t: Excess depth = 0   -30.16  -34.73  -51.92  -42.18  -33.75   -39.64  -45.01  -59.32  -48.69  -39.07 
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Table 4 continued                     
  Quote relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2  -1  1  2  3   -2  -1  1  2  3 
Panel C: 10 year treasury bond futures                 
1-49  lots                     
   Mean depth  152.2  127.6  171.8  176.6  180.7  151.7  129.1  168.7  173.0  176.5 
   Mean excess depth  -32.8  -57.4  -13.2  -8.4  -4.3  -36.0  -58.6  -19.1  -14.7  -11.3 
   t: Excess depth = 0 

lots
 -86.98  -154.52  -33.72  -21.36  -10.90  -105.94  -173.28  -54.73  -41.91  -32.00 

50-149                      
   Mean depth  192.2  170.6  199.3  215.7  226.5  184.7  163.9  189.5  206.2  216.3 
   Mean excess depth  -60.9  -82.5  -53.9  -37.4  -26.7  -64.7  -85.5  -59.9  -43.2  -33.1 
   t: Excess depth = 0 

lots
 -64.55  -91.35  -49.11  -33.31  -23.32  -73.91  -101.59  -60.04  -42.22  -31.76 

150 +                      
   Mean depth  382.7  375.6  318.3  332.6  341.3  370.0  361.0  307.4  323.7  336.5 
   Mean excess depth  -15.7  -22.8  -80.1  -65.8  -57.1  -34.4  -43.3  -97.0  -80.6  -67.8 
   t: Excess depth = 0   -6.62  -9.93  -28.34  -22.60  -19.38   -14.87  -19.23  -36.09  -29.16  -24.12 
                     
Panel D: SFE SPI 200TM futures 

lots
                  

1-4                      
   Mean depth  12.1  9.4  13.5  13.7  13.9  12.1  9.5  13.3  13.6  13.8 
   Mean excess depth  -2.2  -4.9  -0.8  -0.6  -0.4  -2.2  -4.8  -1.0  -0.7  -0.5 
   t: Excess depth = 0 

lots
 -134.61  -308.86  -49.67  -35.00  -24.02  -168.59  -389.20  -75.28  -46.31  -34.75 

5-14                      
   Mean depth  15.2  13.3  15.5  15.7  15.8  15.1  13.2  15.4  15.6  15.8 
   Mean excess depth  -1.2  -3.1  -1.0  -0.7  -0.6  -1.4  -3.2  -1.1  -0.9  -0.7 
   t: Excess depth = 0 

lots
 -39.09  -110.04  -29.35  -21.52  -19.06  -53.67  -156.51  -41.75  -30.82  -22.73 

15 +                      
   Mean depth  28.0  29.3  21.9  21.5  21.2  27.6  28.9  21.7  21.3  21.1 
   Mean excess depth  6.3  7.6  0.2  -0.2  -0.5  6.0  7.2  0.0  -0.4  -0.6 
   t: Excess depth = 0   88.30  104.05  2.84  -2.37  -7.05   63.36  89.36  0.42  -4.92  -9.09 

Summary statistics regarding depth for quotes relative to small, medium and large trades. Depth is defined as the ask quote depth relative to purchases and bid quote 
depth relative to sales. Mean depth is the mean depth in number of contracts. Excess depth is depth in excess of a benchmark level, computed using depth for quotes -
20 through -11 relative to trades of a given size. For excess depth, reported results include Mean excess depth and t: Excess depth = 0 (the t-statistic for the test of the 
null hypothesis that the mean excess depth equals zero). Results are reported for 90 day bank bill futures (panel A), 3 year treasury bond futures (panel B), 10 year 
treasury bond futures (panel C) and SFE SPI 200TM futures (panel D). 
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Bid-ask spreads narrow significantly prior to trades and excess spreads immediately before 

trades are strongly related to trade size for all four contracts; the smaller the trade size, the 

further the spread narrows. This confirms that part of the price improvement before small and 

medium trades discussed in the previous section results from new limit orders placed inside 

the spread. Small and medium trades tend to occur when the cost for immediate execution of 

small and medium quantities cheapens momentarily. These results are also consistent with 

the evidence provided by Biais, Hillion and Spatt (1995) that investors in equities tend to hit 

the quote when the spread is tight, consuming liquidity when it is relatively inexpensive.25 

 
Small temporary increases in bid-ask spreads after block trades suggest that block trades 

increase the adverse selection problem to a degree. The arrival of a block trade creates 

uncertainty about whether the trader is informed and whether private information based on 

superior information processing skills exists, as modelled by Easley and O’Hara (1987). The 

impact of block trades on spreads is much less prominent for the contracts that are the most 

liquid, in terms of the average depth at the best prevailing quotes and the average dollar value 

per trade.26 This finding is consistent with Mann and Ramanlal’s (1996) prediction that the 

adverse selection component of the bid-ask spread decreases as the size quotes increase. For 

very liquid markets where the size quotes are much larger than the minimum permissible, 

they expect the adverse selection component not to contribute significantly toward the total 

spread. This appears to be the case for the most liquid contracts in the sample; spreads for the 

interest rate contracts remain close to the minimum tick after block trades. The impact on 

depth, in these cases, is expected to be more revealing of market liquidity. 

 
Changes in depth around individual trades (table 4) are far more pronounced than changes in 

spreads. Large trades cause a decrease in liquidity as measured by depth. For example, the 

ask quote depth drops from 1,804.7 lots to 1,481.4 lots after large block purchases of 3 year 

Treasury bond futures. These changes are highly statistically significant for purchases and 

                                                 
25 Likewise, Ding and Charoenwong (2003) find that an increase in the number of quote revisions increases the 
likelihood of a transaction in three thinly traded contracts on the Singapore Exchange—Nikkei 300 Stock Index 
futures, Dow Jones Thailand Index futures and MSCI Hong Kong Index futures contracts. When trading occurs 
in a day, both the number of quote revisions and the number of trades are negatively correlated with spreads. 
26 For the entire sample, the average value of the depth at the best prevailing quote immediately before trades is 
A$1,276.7 million for 90 day bank bill futures, A$108.8 million for 3 year Treasury bond futures, A$14.7 
million for 10 year Treasury bond futures and A$1.3 million for SFE SPI 200TM futures. In comparison, the 
average trade sizes are A$102.0 million for 90 day bank bill futures, A$9.3 million for 3 year Treasury bond 
futures, A$3.0 million for 10 year Treasury bond futures and A$0.5 million for SFE SPI 200TM futures. These 
depths and order sizes are positively correlated across the contracts, as predicted by Mann and Ramanlal’s 
(1996) information model that incorporates quoted depth. 
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sales of each contract, except 90 day bank bill futures. Depth decreases from abnormally low 

levels prior to the block for the interest rate contracts and from abnormally high levels prior 

to the block to slightly above normal levels immediately after the block for the equity index 

contract. Depth after block purchases remains below normal levels in four quotes for 90 day 

bank bill futures, twelve quotes for 3 year Treasury bond futures and eleven quotes for 10 

year Treasury bond futures. In clock time, the recovery in depth after block purchases occurs 

within roughly 34 seconds for 90 day bank bill futures, 79 seconds for 3 year Treasury bond 

futures and 111 seconds for 10 year Treasury bond futures. These recovery times are realised 

even with the onset of more intense trading activity after blocks. In contrast to the interest 

rate contracts, the depth after block purchases of SFE SPI 200TM futures decreases to 

abnormally low levels in the third quote after the block and does not recover within twenty 

quotes. These findings highlight that market resiliency as measured by the time taken for both 

spreads and depth to return to previous levels varies considerably from contract to contract. 

 
Lower depth on the bid side could indicate that liquidity providers face greater adverse 

selection risk from large block sales than from large block purchases. The bid depth prior to 

block sales is lower than the ask depth prior to block purchases and remains lower after block 

sales (these differences are statistically significant for all the contracts before blocks and the 

three interest rate contracts after blocks). Recovery times are also slower after block sales; 

depth remains below benchmark levels in eight quotes (lasting roughly 100 seconds) for 90 

day bank bill futures and does not recover within twenty quotes for the other contracts. In 

addition to the direction of trade initiation, the relative size of the trade also appears to have a 

major effect on the liquidity return. In contrast to the results discussed above for large trades, 

depth increases from abnormally low levels prior to small and medium trades.27 This 

confirms the results discussed in the previous section; small and medium trades tend to be 

executed when a small amount of depth is available at improved prices and with tightened 

bid-ask spreads. 

 
As Moulton (1998) finds for NYSE-traded equities, results in this section suggest that 

security-specific attributes such as the risk profile, trading activity and initial spread widths 

have a profound influence on the form of liquidity disruption and the return of liquidity to 

previous levels. The size quotes posted by liquidity providers after block trades appear to 

                                                 
27 Increases in depth immediately after small and medium trades reflect the fact that these trades clean out 
outstanding limit orders at the best prevailing quotes, revealing greater depth at higher ask prices for purchases 
and lower bid prices for sales. 
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play a more important role in futures markets than in equity markets. In the highly liquid 

interest rate markets, the liquidity adjustment surrounding large trades occurs almost 

exclusively through changes in quoted depth levels with minimal impact on the bid-ask 

spread. In the equity index market, however, there is also a sizeable impact on the spread. 

The changes in spreads and depth around equity index futures trades on the SFE more closely 

resemble those around equity trades on the NYSE analysed by Koski and Michaely (2000). In 

the equity market, they find that spreads increase significantly and depths decrease 

significantly after large trades although changes in depth are not as strong as the changes in 

spreads. The results for the equity index contract are also consistent with Lee, Mucklow and 

Ready (1993), who find that spreads widen and depths drop in response to volume shocks in 

equity markets. The findings from previous research based on equity markets appear to 

reflect the greater market power of informed traders and higher risk of private information, 

driving lower baseline liquidity levels, in equity markets relative to interest rate and equity 

index futures markets. 

 
In the context of a limit-order driven futures market, liquidity providers respond to the 

information contained in trades in several ways consistent with Mann and Ramanlal’s (1996) 

theoretical model of a competitive dealership market. Limit order traders lower their size 

quotes, rather than widen the bid-ask spread, as a first response to the decrease in market 

liquidity caused by a block trade. For that reason, changes in depth are much stronger than 

changes in spreads after large block trades in the interest rate contracts.28 Only when the size 

quotes are close to the minimum do liquidity providers respond to the incremental decrease in 

market liquidity by widening the bid-ask spread. Accordingly, the market depth for the equity 

index contract does not drop substantially below its normal (relatively dry) level after block 

trades; instead liquidity providers widen spreads slightly as an additional tactic to offset 

expected losses to informed traders. In subsequent quotes for the equity index contract, 

spreads begin recovering sooner while depths remain slightly below normal levels. 

 

                                                 
28 In keeping with Mann and Ramanlal’s (1996) model, the recovery in depth on the active side of the limit 
order book after block trades in the interest rate contracts reaffirms the price continuation following blocks 
observed for these contracts. Mann and Ramanlal find that the asymmetry of the size quotes for buy and sell 
orders reveals the likely location of the equilibrium asset value relative to the bid and ask prices: the ‘true’ value 
drifts toward the ask (bid) price as the size quote at the ask (bid) increases relative to the size quote at the bid 
(ask), as dealers update their beliefs based on the type and size of incoming orders. Therefore, the true value 
drifts toward the ask (bid) price as the depth at the ask (bid) recovers following a block purchase (sale); 
representing continued price increases (decreases). 
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The results provide broad support for the conjecture that the liquidity cost of a large futures 

trade, over and above the bid-ask spread as constrained by the minimum tick, is mainly a 

pecuniary externality borne by other traders by impairing their continued ability to trade. 

There are insufficient price reversals following block trades to compensate liquidity providers 

for the adverse selection, inventory control and search costs they incur in absorbing and 

remarketing the block. Liquidity providers refrain from posting dramatically wider spreads, 

even for the least liquid contracts, given the competitive structure for market-making in 

futures markets. Locals appear to maintain lower size quotes for up to two minutes after 

block trades to manage the adverse selection problem and protect themselves against 

unwanted inventory. The lower depth affects those traders who require immediacy by 

ensuring any market orders they submit for large quantities transact at inferior prices until the 

depth recovers.29 

 
Diminished depths on the active side of the limit order book after block trades, met by 

consecutive trades in the same direction (as shown in appendix 2), appear to contribute to the 

continued price increases following block purchases and continued price decreases following 

block sales of 90 day bank bill futures and 3 year Treasury bond futures, in particular.30 For 

as long as liquidity providers maintain lower size quotes on the active side of the limit order 

book to manage the adverse selection problem, the size quote asymmetry indicates that 

informed trades are more likely to occur on the active side versus the passive side (Mann and 

Ramanlal, 1996). The continued downward price drift while the bid depth remains at 

abnormally low levels following block sales is consistent with the evidence from equity 

markets provided by Huang and Stoll (1994) that quote returns tend to be negative when 

depth at the bid is lower than depth at the ask. For the interest rate futures contracts, prices 

tend to stabilise just as depths recover on the active side of the limit order book. 

 

                                                 
29 When liquidity providers maintain lower size quotes after block trades, informed traders’ profits are lowered. 
Lowering their profits potentially benefits liquidity traders because competition among liquidity providers 
drives their profits toward zero (Mann and Ramanlal, 1996). Therefore, liquidity traders could be indirect 
beneficiaries of the liquidity externality that impairs the ability of informed traders to submit market orders at 
the time they possess more accurate information. 
30 The sizeable price drift for the interest rate contracts is consistent with the prediction of Easley and O'Hara 
(1992a) that while large market depth enhances efficiency in the short run, it slows the adjustment of prices to 
the underlying value of the security. 
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5. Conclusion 

 
Futures markets are found to respond to the information content of large individual trades. 

Prices increase after block purchases and decrease after block sales without recovering, 

leaving permanent price effects that are positively related to the size of the block. The 

permanent price effects of block sales match the permanent price effects of block purchases, 

implying there are as many informed sellers as informed buyers in futures markets. The 

signed price change continues over several quote revisions before prices stabilise roughly one 

minute after the block strikes the order book. So neither the compensation rationale nor the 

orderly market hypothesis appears to be supported in futures markets; liquidity providers do 

not receive price concessions on post-block trades and there is little incentive for them to 

restrict the size of sequential price changes. Furthermore, there are insufficient price reversals 

following block trades to compensate liquidity providers for the adverse selection, inventory 

control and search costs they incur in absorbing and remarketing the block. 

 
Large block trades produce a marked disruption to liquidity. Bid-ask spreads increase 

significantly and depth decreases significantly after large market orders are executed. In the 

market adjustment around large trades, the size quotes posted by liquidity providers are found 

to play a more important role in futures markets than in equity markets. The adjustment in 

market liquidity occurs primarily through changes in quoted depth levels for the interest rate 

and equity index futures contracts in the sample. Large trades also have a sizeable impact on 

the bid-ask spread for the equity index contract, similar to that reported by Koski and 

Michaely (2000) for NYSE-listed equities. Liquidity returns to previous levels more quickly 

for the futures contracts that are written over short and medium-term interest rates and that 

are the most liquid, in terms of the average trade size and the average depth at the best 

prevailing quotes. These findings are consistent with Moulton (1998), who finds that the 

return of liquidity to base levels is significantly related to security-specific attributes such as 

the risk profile of the underlying asset, trading activity and spread width. 

 
Block trades appear to intensify the adverse selection problem, with some market participants 

better equipped than others to interpret the information signal provided by a block. The 

adverse selection problem is evident in the elevated price volatility, flurry of quote revisions 

and disruption to market liquidity prompted by block trades. The liquidity adjustment results 

also suggest that there is greater information asymmetry around block sales than around 

block purchases of the four contracts analysed in this study. As predicted by Mann and 
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Ramanlal (1996), limit order traders lower their size quotes, rather than widen the bid-ask 

spread, as a first response to the decrease in market liquidity caused by a block trade. For the 

interest rate contracts, locals appear to maintain lower size quotes for up to two minutes to 

manage the adverse selection problem and protect themselves against unwanted inventory. 

Only when the size quotes drop to minimum threshold levels after block trades, as is the case 

for the equity index contract, do they resort to wider spreads. Subsequently, spreads are much 

sooner to begin recovering than market depth in this case. These liquidity supply responses 

indicate that the liquidity cost of a large futures trade is mainly a pecuniary externality borne 

by other traders by impairing their continued ability to trade. Prices are only inclined to 

stabilise as this liquidity externality evaporates and the new information in the block is 

worked into quote prices incrementally over several limit order amendments. 

 
In futures markets, the speed of adjustment in response to unscheduled large trades is as rapid 

as Ederington and Lee (1995) and Kim and Sheen (2001) report it is in response to new 

information relevant for bond pricing contained in scheduled macroeconomic announcements. 

The market response to block trades exhibits several features in common with the two-phase 

response of the United States Treasury market to the arrival of public information portrayed 

by Fleming and Remolona (1999). In particular, (i) there is a lull in trading activity up to the 

time the block trade arrives; (ii) prices adjust sharply to the block; (iii) the moments in which 

prices adjust sharply are accompanied by a marked disruption to liquidity; (iv) the sharp 

initial price change is followed by a surge in trading volume that persists along with high 

price volatility; and (v) liquidity returns to normal levels once a consensus price is reached. 

Most market participants seem to draw similar price implications from the unexpected 

component of a block trade, so that the initial price adjustment reflects a large common 

component in the shift in participants’ expectations. The precise implication of each block is 

open to interpretation, however, which differs among traders depending on their analytical 

ability and customer order flows. The residual disagreement among traders provides the 

catalyst for the surge in trading volume together with the high volatility and disruption to 

liquidity after blocks, in the same way that Fleming and Remolona describe for 

macroeconomic announcements. The recovery in liquidity accelerates as the initial 

uncertainty about whether the block is based on information begins to subside and liquidity 

providers respond to the increased demand for immediacy post-block. 
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Appendix 1 

Information and volatility of bid and ask quoted prices 

 
This appendix describes some additional characteristics of the quote revisions surrounding 

the main sample of trades. The speed of adjustment tests are supplemented by examining how 

much the volatility of quote-to-quote returns increases and how quickly quotes are revised 

after block transactions. 

 
Figures A1.1 and A1.2 illustrate how quickly the quote-to-quote absolute returns revert to 

normally observed price movements after small, medium and large trades. A benchmark 

volatility series is constructed for each contract maturity from the absolute returns for quotes 

-20 through -11 relative to all trades of size z. Mean excess volatilities relative to purchases 

of size z during the sample period are computed as 
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and 

Ai,j,t(z) ≡ absolute return for quote t relative to trade of interest j for maturity i, 

Ni,pur(z) ≡ number of purchases of size z for maturity i, 

Ni,sal(z) ≡ number of sales of size z for maturity i and 

Ni(z) ≡ total number of quotes for maturity i in the benchmark periods for all trades 

of size z. 

 

 47

1392



Figure A1.1 
Excess quote volatility surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 

-0.05

0.00

0.05

0.10

0.15

0.20

-10 -5 -1 1 5 10 15 20

B
as

is
 p

oi
nt

s.

150 + lots
50-149 lots
1-49 lots

 
Panel D: SFE SPI 200™ futures 
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Excess volatility based on quotation prices by quote relative to the purchase of interest (trade 0) for small, 
medium and large purchases. 
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Figure A1.2 
Excess quote volatility surrounding sales 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200™ futures 
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Excess volatility based on quotation prices by quote relative to the sale of interest (trade 0) for small, medium 
and large sales. 
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Figure A1.3 
Time intervals between quotes surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Time intervals between quotes relative to purchases of various sizes. Time intervals are in seconds. Trade 0 
represents the block trade of interest. 
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Figure A1.4 
Time intervals between quotes surrounding sales 
 
Panel A: 90 day bank bill futures 
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Time intervals between quotes relative to sales of various sizes. Time intervals are in seconds. Trade 0 
represents the block trade of interest. 
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As expected, volatility is considerably higher for the outstanding quote after the block trade. 

Figure A1.1 shows that the mean absolute return after block purchases increases nine-fold 

from the benchmark period to 0.246 basis points for 90 day bank bill futures, five-fold to 

0.140 basis points for 3 year Treasury bond futures, four-fold to 0.160 basis points for 10 

year Treasury bond futures and two-fold to 0.456 index points for SFE SPI 200™ futures. 

The increased volatility persists for at least twenty quotes for 90 day bank bill futures and 3 

year Treasury bond futures, eleven quotes for 10 year Treasury bond futures and four quotes 

for SFE SPI 200™ futures. The quote-to-quote absolute return prior to block purchases 

displays lower than normal volatility for four quotes for 90 day bank bill futures, at least ten 

quotes for 3 year Treasury bond futures and 10 year Treasury bond futures and seven quotes 

for SFE SPI 200™ futures. Similar results hold before and after block sales (figure A1.2). In 

summary, the evidence on the mean quote-to-quote absolute returns suggests that volatility 

decreases before the block trade, increases sharply at the block and persists at higher than 

benchmark levels for several subsequent quotes. 

 
The time intervals between quotes surrounding small, medium and large trades for the main 

sample are shown in figures A1.3 and A1.4. There is evidence that large block trades are 

associated with a significant reduction in the time between quotes following block purchases 

for at least twenty quotes for the interest rate contracts and six quotes for the equity index 

contract (at the one percent level). The time between quotes is significantly longer up to the 

block purchase and before the block for at least ten quotes for 3 year Treasury bond futures 

and SFE SPI 200™ futures and seven quotes for 10 year Treasury bond futures, at the one 

percent level relative to the small-trade sample. The results for block purchases and block 

sales provide similar evidence. These findings suggest there is a lull in the placement of limit 

orders at or better than the best prevailing quotes prior to blocks, followed by a flurry of limit 

orders after blocks. This behaviour is consistent with Biais, Hillion and Spatt (1995), who 

find investors place limit orders relatively quickly when the liquidity has diminished for 

equities traded on the Paris Bourse. 
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Appendix 2 

Trading direction, size and frequency 

 
This appendix describes some additional characteristics of the sub-sample of trades identified 

in section 2.2.31 Figures A2.1 to A2.6 illustrate changes in the direction of trade initiation, 

trade size and time between trades around purchases and sales of different sizes. Table A2.1 

reports the average trade sizes and excess trade sizes around purchases and sales. 

 
Figures A2.1 and A2.2 indicate that purchases are likely to be clustered with other purchases 

and sales are likely to be clustered with other sales respectively. For consecutive trades prior 

to block purchases, the proportion of trades classified as purchases is significantly greater 

than fifty percent (at the one percent level) for seven trades in 90 day bank bill futures, at 

least ten trades in 3 year Treasury bond futures and SFE SPI 200TM futures and three trades in 

10 year Treasury bond futures. After block purchases, the proportion classified as purchases 

is significantly greater than fifty percent for fourteen trades in 90 day bank bill futures, at 

least twenty trades in 3 year Treasury bond futures, eight trades in 10 year Treasury bond 

futures and at least nineteen trades (following trade +1) in SFE SPI 200TM futures. The 

evidence concerning trade size is mixed in this respect. Series of trades around block 

purchases are significantly more likely to be purchases than the corresponding trades around 

small purchases for one preceding and three subsequent trades in 90 day bank bill futures and 

one preceding and five subsequent trades in 3 year Treasury bond futures. However, the 

reverse holds for at least ten preceding trades in 10 year Treasury bond futures and at least 

ten preceding and two subsequent trades in SFE SPI 200TM futures. Similar results hold 

around purchases and sales. 

 

                                                 
31 Trades within the first 20 trades or the last 20 trades of the day are excluded from the analysis. 
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Figure A2.1 
Purchases surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 

0.50
0.55
0.60
0.65
0.70
0.75
0.80

-10 -5 -1 1 5 10 15 20

Pr
op

or
tio

n 
of

 tr
ad

es.

500 + lots
200-499 lots
1-199 lots

 
Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Proportions of trades classified as purchases relative to purchases of various sizes. All trades that occur above or 
equal to the prevailing ask price are classified as purchases and all trades that occur below or equal to the bid 
price are classified as sales. Trade 0 represents the block trade of interest. 
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Figure A2.2 
Sales surrounding sales 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Proportions of trades classified as sales relative to sales of various sizes. All trades that occur above or equal to 
the prevailing ask price are classified as purchases and all trades that occur below or equal to the bid price are 
classified as sales. Trade 0 represents the block trade of interest. 
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Figure A2.3 
Excess transaction sizes surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel B: 3 year Treasury bond futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 
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Excess transaction sizes relative to purchases of various sizes. Transaction size is in number of contracts. Trade 
0 represents the block trade of interest. 
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Figure A2.4 
Excess transaction sizes surrounding sales 
 
Panel A: 90 day bank bill futures 
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Panel C: 10 year Treasury bond futures 
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Panel D: SFE SPI 200TM futures 

 
Excess transaction sizes relative to sales of various sizes. Transaction size is in number of contracts. Trade 0 
represents the block trade of interest. 

-0.2
-0.1
0.0
0.1
0.2
0.3
0.4

-10 -5 -1 1 5 10 15 20

V
ol

um
e.

1-4 lots
5-14 lots
15 + lots

1402



Table A2.1                     
Transaction sizes surrounding trades by direction and size of trade              
                     
  Trade relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2  -1  1  2  3   -2  -1  1  2  3 
Panel A: 90 day bank bill futures                   
1-199  lots                     
   Mean trade size  92.8  89.7  92.0  92.9  96.0  88.8  88.4  90.7  94.4  94.4 
   Mean excess trade size  -3.4  -6.5  -4.2  -3.3  -0.2  -6.8  -7.2  -4.9  -1.1  -1.1 
   t: Excess trade size = 0 

lots
 -4.41  -8.75  -5.16  -4.06  -0.23  -9.05  -9.58  -6.24  -1.32  -1.40 

200-573                      
   Mean trade size  165.3  170.8  150.8  145.4  138.7  155.2  161.8  148.0  139.7  136.3 
   Mean excess trade size  35.0  40.5  20.5  15.1  8.4  25.5  32.2  18.4  10.0  6.6 
   t: Excess trade size = 0 

lots
 11.67  13.60  8.34  6.18  3.21  8.96  10.85  7.76  4.20  2.77 

574 +                      
   Mean trade size  195.5  211.9  249.4  207.8  191.6  187.2  216.1  221.7  199.9  182.1 
   Mean excess trade size  39.8  56.2  93.7  52.1  35.9  29.4  58.3  63.9  42.1  24.3 
   t: Excess trade size = 0   4.47  6.02  9.64  7.26  4.92   3.55  6.28  7.68  6.00  3.87 
                     
Panel B: 3 year treasury bond futures 

lots
                  

1-199                      
   Mean trade size  83.6  82.6  83.1  84.4  85.3  81.8  80.0  81.0  83.2  84.6 
   Mean excess trade size  -3.6  -4.7  -4.2  -2.9  -2.0  -5.2  -6.9  -5.9  -3.8  -2.3 
   t: Excess trade size = 0 

lots
 -8.65  -11.26  -9.49  -6.60  -4.45  -12.48  -16.98  -13.89  -8.69  -5.30 

200-499                      
   Mean trade size  132.6  142.4  126.1  120.8  114.2  129.3  132.6  122.3  115.7  109.0 
   Mean excess trade size  27.3  37.1  20.7  15.5  8.9  24.6  27.8  17.6  11.0  4.3 
   t: Excess trade size = 0 

lots
 15.29  20.46  14.10  10.65  6.03  14.19  16.46  11.88  7.70  3.00 

500 +                      
   Mean trade size  138.8  156.0  169.5  148.6  139.7  141.5  153.7  172.4  150.0  139.3 
   Mean excess trade size  19.8  36.9  50.5  29.5  20.7  22.5  34.7  53.5  31.0  20.3 
   t: Excess trade size = 0   6.69  10.84  16.73  11.45  7.94   6.75  10.00  16.68  11.22  7.63 
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Table A2.1 continued                     
  Trade relative to trade of interest (trade 0) 
  Purchases  Sales 
Size of trade   -2  -1  1  2  3   -2  -1  1  2  3 
Panel C: 10 year treasury bond futures                  
1-49  lots                     
   Mean trade size  26.2  26.2  26.5  26.4  26.7  25.4  25.3  26.0  26.2  26.5 
   Mean excess trade size  -0.3  -0.3  0.1  0.0  0.3  -1.2  -1.2  -0.6  -0.4  -0.1 
   t: Excess trade size = 0 

lots
 -2.47  -2.54  0.50  0.11  2.70  -11.66  -12.46  -5.24  -3.91  -0.92 

50-149                      
   Mean trade size  40.3  41.8  37.6  37.8  36.9  39.7  39.4  37.2  37.2  36.8 
   Mean excess trade size  4.4  5.9  1.8  2.0  1.1  4.2  3.9  1.7  1.7  1.3 
   t: Excess trade size = 0 

lots
 13.24  17.04  6.13  6.53  3.64  12.72  11.78  5.72  5.62  4.39 

150 +                      
   Mean trade size  49.8  50.2  53.0  52.0  49.3  50.1  49.2  52.2  51.7  48.7 
   Mean excess trade size  3.9  4.3  7.2  6.1  3.4  3.6  2.7  5.7  5.3  2.2 
   t: Excess trade size = 0   4.65  4.94  9.07  7.60  4.49   4.09  3.01  7.30  6.39  2.73 
                     
Panel D: SFE SPI 200TM futures 

lots
                  

1-4                      
   Mean trade size  4.2  4.1  4.2  4.2  4.2  4.1  4.1  4.1  4.1  4.2 
   Mean excess trade size  0.0  -0.1  0.0  0.0  0.0  -0.1  -0.1  -0.1  0.0  0.0 
   t: Excess trade size = 0 

lots
 -5.48  -10.50  -4.53  0.28  0.82  -9.56  -20.97  -9.31  -6.54  -5.69 

5-14                      
   Mean trade size  5.0  5.2  5.0  4.9  4.9  5.0  5.1  5.0  4.9  4.9 
   Mean excess trade size  0.2  0.3  0.1  0.1  0.1  0.1  0.3  0.1  0.1  0.1 
   t: Excess trade size = 0 

lots
 13.39  27.61  11.91  7.39  5.21  10.21  22.02  9.88  5.93  5.47 

15 +                      
   Mean trade size  6.0  6.0  6.2  6.1  6.1  6.1  6.0  6.1  6.1  6.1 
   Mean excess trade size  0.1  0.1  0.2  0.1  0.2  0.1  0.1  0.2  0.2  0.2 
   t: Excess trade size = 0   3.06  1.99  7.81  4.94  5.34   4.17  2.54  6.16  5.81  6.88 

Summary statistics regarding trade sizes for trades relative to small, medium and large trades. Mean trade size is the mean trade size in number of contracts. Excess 
trade size is trade size in excess of a benchmark level, computed using trade sizes for trades -20 through -11 relative to trades of a given size. For excess trade size, 
reported results include Mean excess trade size and t: Excess trade size = 0 (the t-statistic for the test of the null hypothesis that the mean excess trade size equals zero). 
Results are reported for 90 day bank bill futures (panel A), 3 year treasury bond futures (panel B), 10 year treasury bond futures (panel C) and SFE SPI 200TM futures 
(panel D). 
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Figure A2.5 
Time intervals between trades surrounding purchases 
 
Panel A: 90 day bank bill futures 
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Panel C: 10 year Treasury bond futures 
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Time intervals between trades relative to purchases of various sizes. Time intervals are in seconds. Trade 0 
represents the block trade of interest. 
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Figure A2.6 
Time intervals between trades surrounding sales 
 
Panel A: 90 day bank bill futures 
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Time intervals between trades relative to sales of various sizes. Time intervals are in seconds. Trade 0 represents 
the block trade of interest. 
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To measure trading activity, mean trade sizes relative to purchases of size z are computed as 
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where Ti,j,t(z) ≡ trade size (expressed in number of contracts) for contract maturity i at quote 

t relative to the trade of interest j of size z. A benchmark trade size series for each maturity is 

constructed using the size of trades -20 through -11 relative to all trades of size z. Mean 

excess trade sizes relative to purchases are computed as 
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This methodology is used to compute benchmark and excess trade size statistics relative to 

small, medium and large purchases and sales. 

 
Figures A2.3 and A2.4 show that large trades are associated with an increase in trading 

activity as measured by trade size (see also table A2.1). For example, the average trade size 

increases from 211.9 lots immediately preceding large block purchases to 249.4 lots 

immediately following block purchases of 90 day bank bill futures (this change is statistically 

significant). Trade sizes after block purchases remain significantly above those in the 

benchmark period for six trades in 90 day bank bill futures and 3 year Treasury bond futures, 

five trades in 10 year Treasury bond futures and ten trades in SFE SPI 200TM futures. Results 

also indicate that trade sizes prior to block purchases are significantly above normal levels for 

two trades in 90 day bank bill futures and 10 year Treasury bond futures, three trades in 3 

year Treasury bond futures and six trades (preceding trade -1) in SFE SPI 200TM futures. 

Similar results hold for purchases and sales. 

 

 62

1407



The clustering of trades initiated in the same direction and increased trading activity around 

large trades provide support for Easley and O’Hara’s (1987) prediction that the entire 

sequence of trades, not merely the aggregate volume, determines the price effects of large 

trades. An important characteristic of their information-effects model is that the entire 

sequence of past trades is informative about the likelihood of an information event.32 The 

empirical results in this appendix suggest that the price and liquidity effects of large futures 

trades are not produced by large trades in isolation; they occur as a result of the order 

placement strategies and trading activity accompanying large trades. In comparison, 

Holthausen, Leftwich and Mayers (1990) find evidence that large up-tick transactions in 

NYSE-listed equities occur during times of increased trading activity as measured by the 

average trade size and time between trades, whereas for downticks the trades are not 

systematically different in size and frequency from those in their benchmark period. 

 
Figures A2.5 and A2.6 suggest that block futures trades stimulate subsequent trading activity. 

The time between trades following both block purchases and block sales is significantly 

shorter than after small trades for seventeen trades in 90 day bank bill futures, fourteen trades 

in 3 year Treasury bond futures, five trades in 10 year Treasury bond futures and three trades 

in SFE SPI 200™ futures. The mean time between trades is significantly greater up to the 

block itself and before the block for three trades in 90 day bank bill futures and at least ten 

trades in the other contracts, relative to the small-trade sub-sample. These findings suggest 

that trading activity is relatively sluggish prior to blocks, followed by a burst of activity 

commencing immediately after blocks. 

 
The surge in trading activity prompted by blocks is consistent with Easley and O’Hara’s 

(1992b) analysis of the effects of information event uncertainty on market behaviour. They 

demonstrate that a trade at time t increases the likelihood that an information event has 

occurred and this, in turn, increases the likelihood of a trade at time t + 1. This follows 

because when any kind of information event occurs, trades are more likely to occur and 

volume will be high because the informed always trade on the strength of their differential 

interpretation of the event. The surge in trading volume implied by the substantially reduced 

                                                 
32 Therefore, Hasbrouck (1991) emphasises that the information content of a trade can only be meaningfully 
measured as the persistent price impact of the unexpected component of the trade (which he refers to as the 
‘trade innovation’). Serial dependencies in quote revisions and trades imply that some portion of the information 
content of large trades is expected, with the remainder representing the trade innovation. As predicted by 
Hasbrouck, the price impact of trades reported in section 3 is not felt instantaneously but with a protracted lag 
over several quote revisions. 
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time between trades observed after blocks also resembles the surge in trading volume 

reported by Fleming and Remolona (1999) from the United States Treasury market in the 

second stage of the market adjustment to the information contained in scheduled 

macroeconomic announcements. Without the same dramatic widening in bid-ask spreads in 

the minute of the announcement seen for the United States five-year Treasury note (nearly six 

times its average on non-announcement days), the surge in trading volume begins sooner 

following block trades in futures markets. 
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Is Bookbuilding An Efficient IPO Pricing Mechanism? � The Indian 

Evidence 
Abstract: This paper attempts to examine efficiency of IPO issuing mechanisms 

using a sample of Indian IPOs that tapped the capital markets during 2003-07 by 

taking in to consideration the total costs the issuers have to face i.e., by including 

both direct costs as well as indirect costs. We find that from a total cost point of 

view the issuers are neither better off nor worse off using either bookbuilding or 

the fixed price offers in the older regime but in the new regime they are better off 

with FPOs. Our results also showed that the Issue expenses associated with 

Bookbuilding are more than those associated with FPOs after controlling for issue 

size and the firm specific characteristics. Further analysis showed that employing 

US based BRLMs do not translate in to higher issue proceeds. Finally, the costs of 

the services of US BRLMs are not significantly different from those of Indian 

BRLMs. 

Key words: IPO, bookbuilding, underpricing 
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Is Bookbuilding An Efficient IPO Pricing Mechanism? � The Indian 

Evidence 
Abstract: This paper examines efficiency of IPO issuing mechanisms in India 

during 2003-07 using total costs. We find that the issuers are neither better off nor 

worse off using either bookbuilding or the fixed price offers in the older regime 

but in the new regime they are better off with fixed price offers. Our results 

showed that the issue expenses associated with Bookbuilding are more than those 

associated with fixed price offers. Employing US based lead managers do not 

translate in to higher issue proceeds nor their services cost differently from those 

of Indian lead managers. 
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Is Bookbuilding An Efficient IPO Pricing Mechanism? � The Indian 

Evidence 
An Initial Public Offering (IPO) is a company�s first offering of equity to the 

public and IPOs are a major source of capital for firms. There are atleast three 

distinct mechanisms available for an issuing firm � fixed price offer, 

bookbuilding, auctions and a composite method viz., fixed price 

offer/bookbuilding. In some countries only one of these methods is available 

whereas in some other countries firms may have a choice. 

In a fixed price offer the price will be set by the issuer in consultation with the 

merchant banker prior to the offer and allocation. In case of excess demand shares 

will be allotted on a prorate basis or on a lottery of draws. In a typical auction 

investors are invited to submit bids indicating both the number of shares and the 

price they are willing to pay. From the bids the market clearing price will be 

determined. Then the shares will be issued to all the successful bidders at a 

uniform price1 (popularly known as Dutch auction) set at the level of the bid of the 

lowest successful bidder. Bookbuilding entails soliciting investors to submit the 

number of shares they would like to buy and at a price that has to be in a specified 

price range once the books are closed the price will be set by the merchant banker. 

An important distinction between bookbuilding (free from regulatory restrictions) 

and auctions is the merchant banker has complete discretion in the allocation of 

shares once the price is arrived at whereas in auctions the pricing and allocation 

rules are to be announced well in advance of the bidding stage. 

Recent empirical studies report that there is a world-wide growing popularity of 

the bookbuilding method of conducting the IPOs. Sherman (2000) shows that 

bookbuilding had become the preferred method of pricing IPOs in over forty 

countries while the studies of Ljungqvist et al (2003) and Sherman (2005) claim 

that in almost all the markets where bookbuilding has been introduced, pre-

existing methods have almost faded into oblivion. In consonance with the global 

trends, in India too bookbuilding has become the pre-eminent method of pricing 

IPOs in the recent past. In this study we set out to investigate whether 

bookbuilding method of IPO pricing had been successful in efficient pricing of 

IPOs. 
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The next section briefly outlines the IPO pricing mechanisms regimes that were in 

force at various points of time in India focussing on the important features of 

bookbuilding procedure and how it differs from that followed in the U.S. Section 

III presents a literature review, contribution of this study and research objectives, 

Section IV describes the data and methodology, Section V portrays the results 

from the analysis and finally Section VI presents the conclusions. 

II. IPO Pricing Mechanisms in India 

Indian capital markets witnessed atleast three broad different regimes of different 

hues over the past two decades starting from a regulated pricing regime to the 

current bookbuilding process. Till the early nineties like many other markets in 

India capital markets in general and IPO pricing in particular was a thoroughly 

regulated activity, with the Office of the Controller of Capital Issues (CCI) 

determining the price (based on some archaic formulae) at which a company can 

sell its shares to the investors. As reforms set in, CCI was abolished paving way 

for SEBI, IPO pricing had also undergone a change with the fixed price offer 

method coming in to being wherein the issuer has complete freedom over pricing 

and selling the shares as long as they can garner the stipulated minimum 

subscription levels. Though the issuers were having full freedom to price their 

issues IPO literature documented short-run under pricing levels that were higher 

than those witnessed in other countries (see Madhusoodhanan and Thiripalraju, 

1997). Bookbuilding (known in the US as firm commitment contract) method of 

pricing IPOs came in to being in the mid-nineties as a result of the 

recommendations of the Malegam Committee which was set up by SEBI in 1995 

with the basis of pricing the issue as one of the terms of reference. Initially 

bookbuilding didn�t took-off in a big way but with some amendments and 

revisions it gained popularity. 

At a broader level bookbuilding in India is similar to that followed in other 

markets like the U.S. The issuing company enters in to an agreement with a 

merchant banker, known as Book Running Lead Manager, (BRLM) (the 

counterpart of Underwriter in the US) who will direct the entire process as per 

SEBI guidelines. An important step in the pricing process commences with the 

BRLM preparing the Red Herring Prospectus that contains inter alia an indicative 

price range arrived at based on the valuation efforts of the BRLM and the 

minimum acceptable price for the issuer. Now the BRLM will solicit bids from 
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interested investors who will be free to place their bids at any price with in a 

specified price band. In the current version of bookbuilding unlike in the U.S. the 

price band is not freely determined by BRLM only the lower price limit will be 

specified by the BRLM then the upper price level is automatically capped at 120% 

of the lower price. So the BRLM has the freedom only to choose the lower price 

limit (floor level). However the issuer has the freedom to revise the lower price 

limit ±20% range (in which case the upper price will also be revised automatically 

as 120% of the revised lower price limit) and the issue has to be kept open for a 

further period of 3 days.  

At first instance this 20% cap seems to be constraining the freedom of the BRLM 

however Ljungqvist et al (2000) report that the average width of the indicative 

price range of 3,480 IPOs by U.S.-based issuers between January 1992 and July 

1999 had an average width of 16.2% so the SEBI determined upper level seems to 

be an adequate price range and may not be a restraining feature. 

In the U.S. only institutional investors will be invited to participate in the bidding 

process but in India even retail investors (at present defined as one who is 

investing not more than Rs 1,00,000 in a particular public issue) can also 

participate in the bidding process. Moreover the retail investors have a choice of 

the nature of the bids � they can place either market bids or limit bids while 

institutional investors have to necessarily place limit orders. This is another 

difference compared with the U.S. wherein institutional investors can place either 

market, limit or step bids. Another important difference is the bids placed by 

institutional investors are binding but in the U.S. institutional investors place 

nonbinding bids that can be revoked without attracting any penalties.  

Once the bidding period is over the books are closed and the BRLM will decide 

the offer price (in consultation with the issuing company) which remains the same 

for both the retail and non-retail investors. As per the SEBI regulation currently in 

force out of the total shares to be issued 35% will go for the retail investors; 15% 

for the non-institutional investors and 50% for the institutional investors. All the 

retail investors and non-institutional investors will be allocated on a prorate basis 

from their respective quotas while institutional allocations will be done at the 

discretion of the BRLM. As in the U.S. the allocation basis for the institutional 

investors is not divulged in the prospectuses and almost all issuers make the 

customary statements like ��allocation will be decided based on the quality of the 
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bidder determined broadly by the size, price and time of the bid�. However from 

November 2005 SEBI made it mandatory that all allocations be made on a prorate 

basis to all types of investors. This is an important change and we will discuss the 

raison d'etre of discretionary allocations in bookbuilding and the theoretical 

implications of its removal in the next section.  

Bookbuilding and Price discovery 

Noble laureate Akerlof (1970) showed that information asymmetries lead to 

adverse selections. In an IPO issuers have intricate understanding and information 

about their own firm, while professional investors have some information not only 

about the firm but also about its competitors, suppliers, customers, the general 

economic and market conditions more importantly they have their own private 

information as to how much they are willing to pay for the shares. These 

professional investors have to be coaxed to share this information so that the 

issuing firm will be able to sell its shares at a price close to its value. But these 

informed investors may not be forthcoming with their information without 

appropriate compensation. Based on certain assumptions Benveniste and Spindt 

(1989) and Benveniste and Wilhelm (1990) show that bookbuilding can lead to 

efficient price discovery and maximize the offer proceeds to the issuing company. 

The whole idea was encapsulated by Jenkinson and Ljungqvist (2001) through an 

intuitive example � assume a firm which sets its price band at Rs 100 � 120, but 

investors evaluate the firm at say Rs 150 per share. Now in the bidding process the 

investor has no incentive to reveal his information and may bid at a price in the 

range specified. Even if the firm decides to sell its shares at the higher end of the 

range Rs 120 still it is worse off by Rs 30. But if there is a way to reward the 

investors who provide truthful information, investors may be bidding more 

aggressively. In bookbuilding the investor�s reward for truthful disclosure will 

typically takes the form of getting larger allocations and a little underpricing or 

any combination of allocation and underpricing so that the investor will be 

realizing the marginal value of his potential information. For instance the above 

company may fix the price at Rs 135 per share and do not mind foregoing Rs. 15 

per share as it is better off now selling the shares at Rs 135 instead of Rs 120 in 

the earlier case. So the benefit for the investor will be the number of shares he was 

allocated multiplied by the offer price. In this way firms can reward investors with 

larger allocations who sincerely reveal the information and those investors who lie 

1416



 8

will get smaller or no allocation at all. Hence bookbuilding with discretionary 

allocations will not only help price discovery in general but also benefits the 

issuers specifically by way of larger issue proceeds.  

III. Literature Review2 

Shah (1995) documents an underpricing of 3.8% weekly excess returns from a 

study of 2056 IPOs that commenced trading between January 1991 and April 1995 

and finds that past Sensex returns have an impact on the underpricing. In a 

comprehensive analysis of 1922 IPOs listed from 1992 to 1995 Madhusoodhanan 

and Thiripalraju (1997) shows that the annualized excess returns from IPOs at 

294.8% was higher than the experiences of the other countries. They also suggest 

bookbuilding as an alternative �proposition to avoid mispricing�. Kakati (1999) 

examined the performance of a sample of 500 IPOs that tapped the market during 

January 1993 to March 1996 and documents that the short run underpricing is to 

the tune of 36.6% and in the long-run the overpricing is 40.8%. Krishnamurti and 

Kumar (2002) working on the IPOs that listed between July 1992 to December 

1994 conclude a mean excess return of 72.34% and indicate that the time delay 

between offer approval and the issue opening as an important factor behind the 

underpricing. Majumdar (2003) also documents short run under pricing in India 

and observes after market total returns of 22.6% six months after listing.  

All the above mentioned studies examined IPO performance during the fixed price 

regime as bookbuilding was not in vogue at those times. Ranjan and 

Madhusoodanan (2004) from a study of 92 IPOs offered during 1999-2003 

document that fixed price offers were underpriced to a larger extent than the 

bookbuilt issues though the bookbuilt issues were only figuring 24 in the sample 

this was the first study comparing the fixed price issues performance vis-à-vis 

bookbuilt issues. Bubna and Prabhala (2007) studying data that spans over 2000-

06 document that bookbuilt issues experience lesser underpricing than fixed price 

offers, while the method loses its efficiency once the BRLM is deprived of the 

discretionary allocation powers.  

However the international evidence on the efficacy of IPO pricing of various 

methods is rather mixed � Ljungqvist et al (2000) from a sample of 2051 offerings 

from different countries observe that average underpricing of the fixed price offers 

at 20.5% fares similar to that of bookbuilt issues underpricing of 20.1%. An 

examination across the regions showed that the average underpricing of bookbuilt 
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issues is more than those of fixed price offers for European issues while the 

opposite is true for Asia and African/Middle eastern Countries. Though Ljungqvist 

et al (2000) concludes that bookbuilt issues experience less underpricing they 

qualify this conclusion by adding that if the issue is managed by an US investment 

banker in a senior role or when the issue is targeted at the US investors. Infact they 

remark that markets outside the US may had not learned how book building 

operates. Derrien and Womack (2003) examined the French IPOs over the period 

1992 � 98 offered through bookbuilding, fixed price offer and the auction modes. 

They document the underpricing levels as 16.9%, 8.9% and 6.5% respectively thus 

concluding that auctions are a better way of pricing IPOs. Busaba and Cheng 

(2002) modelling the pre-market together with the aftermarket shows that unless 

the Underwriter targets a small group of informed investors a fixed price offer is 

less costly than a bookbuilt offer and the former method can maximize the issue 

proceeds. Kaneko and Pettway (2003) based on IPO performance in Japan 

conclude that IPO returns from bookbuilt issues are significantly higher than those 

of auctions.  

The inconclusive debate is not only confined to the contest among the pricing 

methods but also to the question of discretionary allocationary powers to the 

Underwriters. Cornelli and Goldreich (2001), Ljungqvist and Wilhelm (2002) and 

Keloharju and Torstila (2002) find that discretionary powers helps in extraction of 

information while Aggarwal et al (2002) and Jenkinson and Jones (2004) find no 

relation between informative bids and allocations. 

From the literature review we can infer that there is mixed evidence on the 

efficacy of bookbuilding, which is mainly evaluated in terms of underpricing and 

the Indian studies are not an exception.  

This study contributes to the Indian IPO literature by analyzing the following: 

1. Unlike the earlier studies in India that examined the efficiency of IPO issuing 

mechanisms by focussing only on underpricing alone this work attempts to re-

examine the issue by taking into consideration both direct (issue management 

expenses) and indirect costs (underpricing). Since what matters to a company is 

not only reasonable pricing of the issue but the net proceeds - net of issue 

expenses and underpricing. 
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2. This study also attempts to examine another unexplored issue in Indian markets 

- the performance of IPOs that were lead managed by syndicates comprising US 

based investment bankers vis-à-vis those managed by Indian BRLMs alone.  

3. Finally we analyze the determinants of issue expenses verifying whether issue 

size alone determines it or other factors also have a bearing on it. 

Our study addresses the following research questions 

As can be noted from the past studies in Indian IPO market bookbuilt issues were 

found to be less under-priced than fixed price offers therefore in this study we set 

out to find whether bookbuilding method still retains its superiority after 

considering the issue expenses? Only after considering the issue expenses one gets 

a complete picture of the efficiency of these methods from an issuer�s perspective. 

Ljungqvist et al (2000) find that though bookbuilt issues are less under-priced they 

are more expensive than fixed price offers because of higher issue expenses.  

The second question is how does the IPOs lead managed by US based BRLMs 

fare vis-à-vis IPOs lead managed by other BRLMs? International evidence shows 

that IPOs lead managed by U.S. underwriters experienced lesser underpricing (see 

Ljungqvist et al 2000).  

Finally, what are the determinants of the IPO issue expenses? More specifically 

we are interested in finding out whether the issue mechanism influences the issue 

expenses and whether the presence of US based BRLM makes any difference to 

the issue expenses? 

IV. Data Description 

This study spans the time period between January 2003 and December 2007 our 

sampling unit is an IPO that is listed either on BSE or NSE (using either fixed 

price offer or bookbuilding mechanisms) during this period. The fixed price 

offerings list on the BSE website formed the main source of fixed price offers and 

the NSE�s list of companies that used the bookbuilding route formed the basic 

database for bookbuilt issues. From these lists we omitted all the follow on public 

offers, withdrawn issues, and cancelled issues after which we were left with 256 

companies over the five year period. Over a similar period Prime database3 reports 

a total of 340 companies that turned to capital markets with public offers 

(including follow on offers and IPOs) so the sample represent a reasonable size of 

the population. From the sampled 256 companies a total of 51 companies used the 
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fixed price offer route while 205 companies used the bookbuilding method and the 

year wise break-up of the sample is given in Table 1: 

We also collected the Final Prospectuses of the IPO companies from SEBI�s 

website. We collected the capital structure, post-issue promoters holding, issue 

expenses and the Lead Managers to the issue from the Final Prospectus that was 

filed with SEBI. However for a few companies (three) we could not get the final 

prospectuses hence these three do not figure in our regression analysis. The listing 

price is obtained from the exchange�s web sites where the scrip traded first, (in 

almost all cases there is no listing lag between NSE and BSE) in case a scrip is 

listed only at BSE we used prices from BSE otherwise almost all the listing prices 

were obtained from NSE, Nifty index was considered as the proxy for market 

returns.  

Methodology 

We computed two measures � the returns usually calculated in the IPO literature 

raw returns (Rit) and are defined as under 

100
O
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Where Pit is the opening (listing) price of stock �i� at time�t� and Oi is the offer 

price of the ith stock. These returns measure whether an investor gained (or lost) by 

buying the shares during the IPO at the offer price and selling at the prevailing 

price on the opening day. If Rit is positive one can infer that the issue is under-

priced; if Rit is negative it may be inferred that the issue is over-priced and if Rit is 

zero it means the issue is aptly priced. 

Following Ritter (1987) we computed the total costs associated with the IPOs in 

the following way 









×

−−=
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To find whether total costs of fixed price offers are different from bookbuilt offers 

we perform regression analysis  

Y = α + β. X + ε 

Where Y represents the total costs (TC) computed as above and X is a matrix of 

the following explanatory variables: 
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Age of the firm (age): We defined age of the firm as the year of incorporation 

subtracted from the year of IPO. Older the firm more track record it has and lesser 

uncertainty is expected hence the excess returns ought to be less. Megginson and 

Weiss (1991) find that age is negatively related to the listing returns of the IPO. 

Similarly we expect a negative relationship between age and excess returns.   

Bookbuilt (Bblt): This is a dummy variable that assumes zero if the issue is a fixed 

price offering and assumes �1� if the issue is bookbuilt. Theoretically bookbuilding 

should lead to lesser underpricing hence we expect this to have a negative sign in 

the regression equation. 

BRLM reputation (Ibrep): We define reputation of the BRLM by way of number 

of issues handled prior to the issue in question the starting point being the year 

1999 when bookbuilding actually commenced in India. More the number of issues 

a BRLM has managed more experience he has in pricing and marketing hence we 

expect lesser will be the underpricing. Generally each issue is managed by more 

than one BRLM therefore from the prospectus we identified those BRLMs 

associated with the responsibilities of marketing and pricing the issue whose prior 

experience is cumulated. Carter and Manaster (1990) shows that issues marketed 

by prestigious Underwriters provide less initial returns. 

Concentration (Conc): We define concentration as the post issue shareholding of 

the promoters. Assuming the promoters have more information about the 

prospects of their firm by retaining a larger share they will be signalling of their 

quality of offering. Allen and Faulhaber (1989) and Grinblatt and Hwang (1989) 

models show that promoter�s holding conveys information about the quality of 

issues. 

Market Sentiment (Msenti): We define market sentiment as the returns earned on 

Nifty index over a three month interval before the issue day. We expect a positive 

association between IPO performance and market performance. McGuinness, 

(1992) shows that trend of the markets before the issue is positively related to the 

IPO underpricing levels. 

Size of the issue (Lnsize): The total rupee amount (gross proceeds) of the issue 

being offered to the public is considered as issue size. We took the logarithm of 

the issue expressed in rupee terms. We expect the size to have a negative sign as 

larger issues will be followed by a larger number of analysts and less susceptible 
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for price manipulation. Beatty and Ritter (1986) finds that there is a positive 

relationship between inverse of gross proceeds and initial IPO returns. 

Volatility (Vol): The ex post standard deviation of the IPO returns computed over 

21 days after listing is taken as proxy for the riskiness of the IPO. We expect 

higher the volatility higher will be the excess returns. Ritter (1987) using a similar 

metric finds a positive relationship between after market volatility and the IPO 

returns. 

US based BRLM (USBM): In our study we considered DSP Merrill Lynch, J M 

Morgan Stanley, J P Morgan, Citigroup Global Markets India Private Limited, 

Lehman Brothers Sec. Pvt. Ltd, as U.S. based BRLMs. The criteria used � the firm 

is either a subsidiary of a U.S. based investment banker (like J P Morgan India) or 

the U.S. parent is a partner with an Indian merchant banker (like DSP Merrill 

Lynch).  

We ran two regressions to account for the regime change in the bookbuilding 

methodology. The first regression uses the data from January 2003 till November 

2005 we denote this period as older regime wherein the BRLMs have the 

allocation discretion and the second regression uses the subsequent data which is 

referred to as newer regime representing the period when BRLMs have to follow 

proportionate allocations to all categories of investors. 

Next we try to examine what factors determine the choice of the issuing method 

and this was done by running the below mentioned Probit regression  

Y = β. X + ε 

wherein the dependent variable Y is a dummy variable that equals 1 if the issuer 

uses bookbuilding and zero otherwise. �X� is the matrix of independent variables 

explained earlier. 

V. Results and Discussions 

Table 2 presents some of the descriptive statistics of the issue and issuing firm 

characteristics. One can note that there is no significant difference in the age of the 

companies that opted for bookbuilding or fixed price offers. Infact the average 

(and median) age of the bookbuilt issuers is slightly more than that of the fixed 

price offers. Although it needs to be mentioned that the mean age comes down 

slightly less (to 14.91 years) than that of the fixed price issuers if we ignore two 

nationalized banks (Indian Overseas Bank and Central bank) that went public 

during this period. The average age of the issuers is in contrast to what was 
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observed in the U.S. where companies usually go for their IPO when they are 

relatively young (see Loughran and Ritter 2001). 

There are significant differences between fixed price offer and bookbuilt issue 

sizes. The median issue size in bookbuilt issues is around 100 Cr. While that of 

fixed price offer was around 22 Cr. one can note that most of the companies that 

used fixed price offer route are companies with smaller issue sizes. There are not 

more than a handful companies with an issue size of Rs 50 Cr. or more that used 

the fixed price method and companies with bigger issue sizes had used the 

bookbuilding route. Not only their issue sizes are small but the firms� networth are 

quite small infact the average networth of the bookbuilt issues is around 8.65 times 

that of fixed price offering�s networth.  

It may be noted that bulk of bookbuilt issues commence trading in less than 25 

days time while it is around 28 days for the fixed price offers. With regard to 

listing delays associated with fixed price offers there seems to be significant 

decrease compared with yester years. Earlier studies mentioned in the literature 

review report more than hundred days of listing delays. The favourable decrease in 

listing delay could be due to the changes that happened in the capital markets over 

the last few years for instance dematerialization of shares. The decrease in listing 

delays associated with fixed price offers is a welcome change. 

Though the mean post issue holding of the promoters seems to be not significantly 

different, the distribution of the promoters holding shows that around 88% of the 

issuers had a post issue holding of 75% or less while for fixed price offers the 

shareholding is only 65% or less. One can infer that comparatively bookbuilt 

issuers are going for lesser dilution than those in fixed price offers. 

A perusal of the listing day prices show that of the 51 fixed price offers 47 opened 

at a premium to the offer price, bookbuilt issues in the earlier regime 47 out of 48 

listed at a premium while in the new regime only 136 out of 157 had experienced 

listing gains. Underpricing as measured by listing day returns shows that FPOs 

experienced more underpricing than the bookbuilt issues in the older regime. The 

inference remains the same even after the raw returns were adjusted for market 

movements during the intervening period. Not only the opening day returns but 

also the volatility (measured as standard deviation of the opening day returns) is 

lower for bookbuilt issues. One can also note that the average raw returns, average 

excess returns on listing day and the average total costs were all statically 
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significant at 5%. The total costs for FPOs is slightly lesser than those for 

bookbuilt issues, to examine whether it is statistically significant we conducted a 

one tailed t � test. The test statistic at -0.07 (p-value is 0.4722) indicates that 

statistically there is no significant difference in the total costs associated with 

FPOs and bookbuilt issues. In the new regime we observe that FPOs experienced 

not only lesser underpricing and volatility than bookbuilt issues but even total 

costs associated with FPOs were lesser than those for the bookbuilt issues. The t-

statistic is found to be -1.25 and is statistically significant at 0.1078. 

The issue expenses are the direct expenses associated with any public offering. 

Generally they comprise Lead Manager�s fee, underwriting commissions, printing 

and stationery, Monitoring agency fee, Registrar�s fee, Legal fee, Agency fee, 

Advertising and marketing fee, and IPO grading expenses (optional). The issue 

expenses as percentage of issue size were observed to be more for the bookbuilt 

issues than for the fixed price offers. This finding is consistent with what was 

observed by Ljungqvist et al (2000) � the gross spreads of bookbuilt issues around 

4.5% is more than that of fixed price offers at 2.3%. 

Based on univariate statistics bookbuilt issues appear to be better priced than fixed 

price offers atleast in the older regime but the higher direct costs (issue expenses) 

seems to offset the pricing gains leaving the issuer without any tangible benefit 

particularly with respect to issue proceeds. In the new regime an issuer is worse 

off with bookbuilding than using the fixed price offers as it is not leading to 

efficient pricing and the higher issue costs make it a futile mechanism for the 

issuer.  

Results from Multiple regressions 

From the regression results depicted in Table 4 (Old regime) and Table 5 (New 

regime) it may be noticed that Bblt is not statistically significant in the older 

regime implying that from a total cost point of view it makes no difference to the 

issuer as to which ever method the firm uses to offer it�s shares. Only size of the 

issue is found to be significant. While in the new regime we find that Bblt is 

statistically significant and its sign shows that total costs increase with 

bookbuilding. It may also be noted that BRLM�s reputation, concentration, issue 

size, before market conditions and overall market movements in the intervening 

period are found to be statistically significant the signs of the coefficients are 

along the expected lines except for the sign of BRLM reputation.  
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It is a bit puzzling to find that Ibrep has a positive sign implying that employing 

more repute BRLMs leads to more costs. This could be due to two reasons either 

the issue expenses are more or the underpricing is more. We tried to figure out this 

by running two regressions first, we regressed the listing day returns adjusted for 

overall market movements and firm specific factors like age, concentration, 

volatility and issue related factors like size, and Ibrep as the independent variables 

this regression throws light on the pricing of IPOs managed by repute BRLM. Our 

results in Table 6 showed that the Ibrep variable is a statistically significant 

variable with a positive sign implying that more repute the BRLM higher was the 

opening day returns. Next we ran a regression with issue expenses as the 

dependent variable and age, Ibrep, size, concentration, and volatility as the 

independent variables to examine whether the services of reputed BRLMs are 

more expensive leading to higher total costs for the issuers, and the results showed 

that Ibrep is not statistically significant. Therefore it appears from the results that 

more repute BRLMs are unable to get the pricing right in the new regime. 

Next we examined the pricing efficiency4 IPOs that have US based BRLM as one 

of the Lead Managers by running a regression that includes a dummy variable 

USBM which assumes �1� if US BRLM is one of the lead managers otherwise 

zero along with the other firm and market related variables. The regression results 

in Table 8 below show that the dummy �USBM� is not statistically significant 

implying that the excess returns associated with issues managed by them or no 

different from those managed by Indian BRLMs. This result is in contrast with 

that of Ljungqvist et al (2000)�s study and one can infer that the US based 

BRLM�s expertise and experience in bookbuilding abroad or their access to their 

investor sets does not translate in to higher realizations for the issuers. 

Next we endeavoured to find out what factors determine the choice of the issuing 

methods by running a Probit regression. The bookbuilt dummy (Bblt) is the 

dependent variable and volatility, listing delay, size, age, concentration, and 

market sentiment as the explanatory variables. The results show that only issue 

size and BRLM�s reputation are statistically significant factors. The signs are also 

as expected � more reputed the lead manager higher the probability the issue will 

be bookbuilt and larger the issue size more likely the issuer will choose 

bookbuilding. 
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To examine the determinants of issue expenses we performed a regression with 

issue expenses (natural log of rupee expenses) as the dependent variable and age, 

bookbuilding dummy, Ibrep, volatility, concentration, USBM dummy, size as the 

independent variables. The regression results shown below indicate that only two 

factors Bblt and size are statistically significant. The signs are along the expected 

lines more the issue size more will be the expenses (in rupee terms), since in 

bookbuilding the responsibilities of the BRLM are more, higher could be the issue 

expenses. 

Consistent with the univariate statistics we find that bookbuilding is an expensive 

proposition (after controlling for firm specific and issue related characteristics) for 

issuers purely from the direct costs point of view. Also we find there is no 

significant difference in the issue expenses associated with US investment bankers 

lead managed issues and those managed by other than US BRLMs. From an 

issuer�s perspective we find there are neither significant direct costs (increase in 

issue expenses) nor any associated indirect cost savings (reduced underpricing) by 

using the services of the US based BRLMs. 

VI. Conclusions 

This paper attempts to examine the total costs associated with IPOs using the 

Indian IPOs that tapped the capital markets during 2003-07. Earlier studies have 

documented that bookbuilt issues experience less underpricing vis-à-vis fixed 

price offers and apparently bookbuilding was considered as a better mechanism. 

However from an issuer�s perspective a mechanism is efficient only if it leads to 

higher net proceeds i.e., benefit of better pricing (lesser underpricing) minus issue 

related expenses consequently we attempt to find the efficiency of bookbuilding 

considering total costs. We computed the total costs by considering both the direct 

as well as indirect costs associated with the public issues. We find that from a total 

cost point of view the issuers are neither better off nor worse off using either 

bookbuilding or the fixed price offers in the older regime but in the new regime 

they are not better off using bookbuilding. This is evident not only from univariate 

statistics but also from multiple regressions after controlling for the firm and issue 

related factors. Putting the results together we conjecture that the bookbuilt issues 

might had become costlier in the newer regime not only due to an increase in the 

issue expenses but also due to the lack of allocationary powers to the BRLMs. We 

make this inference because in the new regime only we find that the Ibrep is 
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significant with a positive sign meaning the underpricing is more this may be due 

to the fact that bookbuilding is failing to produce the necessary information 

relevant for pricing the IPOs as BRLMs neither have a carrot nor a stick as they no 

longer enjoy the power to make any discretionary allocations. With out this feature 

bookbuilding is rendered really ineffective as the method derives its strength from 

the ability of the BRLM to reward the truthful information providers with larger 

allocations and penalize the pretenders with less/nil allocations. Size of the issue 

and the reputation of the BRLM are found to be the important determinants while 

choosing the IPO issuing mechanism. Unlike in the US our analysis showed that 

employing US based BRLMs do not translate in to higher issue proceeds. Neither 

their issue pricing skills nor are the costs of using their services not significantly 

different from those of Indian BRLMs. 
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Table 1 

Year wise break-up of the sampled IPOs 

  FPO BB 
2003 1 5 
2004 8 14 
2005 13 39 
2006 15 58 
2007 14 89 

  51 205* 
*Three IPOs do not figure in the regression analysis as we couldn�t get the prospectuses of the same 
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Table 2 

Summary statistics (sample consists of 253 IPOs that raised capital during 2003-

07) 

Fixed Price Offers 
  
  

Age Issue size  Listing 
delay 

Concentration Pre issue 
Networth 

Mean 14.98 28.13 27.94 54% 3863.77 
Median 12 22.59 27 54.97% 1408 
SD 11.61 31.03 7.65 13% 13130.45 

Bookbuilt issues 
  
  

Age Issue size  Listing 
delay 

Concentration Pre issue 
Networth 

Mean 15.72 366.53 24.82 59% 33445.67 
Median 13 102.86 24 60.99% 6113 
SD 13.00 949.79 9.74 16% 111340.94 
Age is in years; Issue size in Rs. Crores; Listing delay is in Days; Concentration in %; Pre issue 
Networth in Rs. Lakhs 
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Table 3 

Descriptive statistics (sample consists of 253 IPOs that raised capital during 2003-

07) 

  Raw 
returns  

Excess 
returns  

Total 
costs 

Issue 
expenses 

Raw 
returns  

Excess 
returns  

Total 
costs 

Issue 
expenses

Old regime 
 FPOs BB IPOs 
Mean 38.95% 34.21% 28.07% 6.50% 36.84% 33.84% 28.42% 7.66%
Median 30.67% 26.80% 27.20% 6.25% 25.29% 23.83% 26.80% 7.83%
SD 43.37% 44.82% 19.05% 2.13% 30.71% 30.76% 16.72% 2.08%
No. of 
IPOs 

20 20 20 20 45 45 45 45

t-statistic 4.02* 3.41* 6.59* - 8.05* 7.38* 11.40* -
New regime 

 FPOs BB IPOs 
Mean 19.85% 17.27% 20.01% 6.08% 24.09% 22.09% 23.43% 7.31%
Median 18.33% 11.09% 19.64% 6.01% 17.37% 14.35% 22.35% 7.42%
SD 22.34% 22.41% 13.16% 2.07% 26.51% 25.92% 17.05% 2.44%
No. of 
IPOs 

31 31 31 31 157 157 157 157

t-statistic 4.95* 4.29* 8.47* - 11.35* 10.65* 17.16* -
*Significant at 5% 
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Table 4 

Total costs and issue mechanism during old regime (Jan 2003 - Nov 2005) 

Variable Coefficient Std. Error t-Statistic Prob.  
AGE 0.001578 0.001776 0.888466 0.3780 

CONC -0.131005 0.165423 -0.791938 0.4316 
IBREP 0.000592 0.003109 0.190315 0.8497 

LNSIZE 0.016531 0.006372 2.594441 0.0120 
VOL -0.080671 0.829144 -0.097295 0.9228 

MSENTI -0.069673 0.253234 -0.275133 0.7842 
INDRET 0.289568 0.270503 1.070482 0.2888 

BBLT -0.020358 0.066202 -0.307513 0.7596 
INTERCEPT 0.304558 0.045382 6.711020 0.0000 
R-squared 0.021297 Sample Size 65 

The dependent variable is TC total costs and the independent variables are: age of the firm as the 
year of incorporation subtracted from the year of IPO; BBLT is a dummy variable that assumes 
zero if the issue is an FPO otherwise �1�; Ln size is Log of the total rupee amount (gross proceeds) 
of the issue being offered to the public; Msenti is defined as the returns earned on Nifty index over 
a three month interval before the issue day; Indret captures the nifty movements between the 
closure of an issue and its listing; Ibrep is defined by way of number of issues handled prior to the 
issue in question from the year 1999; Vol is the ex post standard deviation of the IPO returns 
computed over 21 days after listing ; Conc is the post issue shareholding of the promoters 
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Table 5 

Total costs and issue mechanism during new regime (Nov 2005 � Dec 2007) 

Variable Coefficient Std. Error t-Statistic Prob. 
AGE -0.000958 0.000932 -1.027844 0.3054 

CONC -0.231498 0.080801 -2.865039 0.0047 
IBREP 0.001769 0.000503 3.519603 0.0005 
LNSIZE -0.029096 0.013692 -2.125006 0.0350 

VOL 0.153278 0.482129 0.317919 0.7509 
MSENTI 0.436705 0.123524 3.535387 0.0005 
INDRET 0.559113 0.181486 3.080743 0.0024 

BBLT 0.080640 0.035257 2.287234 0.0234 
INTERCEPT 0.794656 0.264326 3.006348 0.0030 
R-squared 0.217345 Sample size 188 

The dependent variable is TC total costs and the independent variables are: age of the firm as the 
year of incorporation subtracted from the year of IPO; BBLT is a dummy variable that assumes 
zero if the issue is an FPO otherwise �1�; Ln size is Log of the total rupee amount (gross proceeds) 
of the issue being offered to the public; Msenti is defined as the returns earned on Nifty index over 
a three month interval before the issue day; Indret captures the nifty movements between the 
closure of an issue and its listing; Ibrep is defined by way of number of issues handled prior to the 
issue in question from the year 1999; Vol is the ex post standard deviation of the IPO returns 
computed over 21 days after listing ; Conc is the post issue shareholding of the promoters 
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Table 6 

Pricing efficiency and BRLMs during new regime (Nov 2005 � Dec 2007) 
Variable Coefficient Std. Error t-Statistic Prob.  

AGE -0.001053 0.001480 -0.711212 0.4779 
CONC -0.280553 0.129196 -2.171525 0.0312 
IBREP 0.003827 0.000790 4.845503 0.0000 
LNSIZE -0.036750 0.019809 -1.855148 0.0652 

VOL -0.455768 0.765735 -0.595203 0.5525 
INTERCEPT 1.084586 0.390252 2.779197 0.0060 

R-squared 0.134986 Sample size 188 
The dependent variable is excess returns on listing day and the independent variables are: age of 
the firm as the year of incorporation subtracted from the year of IPO; Ibrep is defined by way of 
number of issues handled prior to the issue in question from the year 1999; Lnsize is Log of the 
total rupee amount (gross proceeds) of the issue being offered to the public; Vol is the ex post 
standard deviation of the IPO returns computed over 21 days after listing ; Conc is the post issue 
shareholding of the promoters; 
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Table 7 

Issue expenses and BRLMs during new regime (Nov 2005 � Dec 2007) 
Variable Coefficient Std. Error t-Statistic Prob.  

AGE -0.001223 0.001975 -0.619543 0.5363 
CONC 0.104466 0.172340 0.606165 0.5452 
IBREP -0.000553 0.001053 -0.524861 0.6003 
LNSIZE 0.836348 0.026425 31.65031 0.0000 

VOL 1.011117 1.021444 0.989890 0.3236 
INTERCEPT 0.648594 0.520572 1.245927 0.2144 

R-squared 0.112213 Sample size 188 
The dependent variable is issue expenses (log of expenses in rupee terms) and the independent 
variables are: age of the firm as the year of incorporation subtracted from the year of IPO; Ibrep is 
defined by way of number of issues handled prior to the issue in question from the year 1999; Ln 
size is Log of the total rupee amount (gross proceeds) of the issue being offered to the public; 
Msenti is defined as the returns earned on Nifty index over a three month interval before the issue 
day; Vol is the ex post standard deviation of the IPO returns computed over 21 days after listing ; 
Conc is the post issue shareholding of the promoters; 
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Table 8 

Pricing efficiency of US based BRLMs (Jan 2003 � Dec 2007) 
Variable Coefficient Std. Error t-Statistic Prob.  

AGE -0.000137 0.001434 -0.095539 0.9240 
IBREP 0.001694 0.000836 2.027637 0.0437 

INDRET -0.315743 0.262002 -1.205119 0.2293 
LNSIZE -0.033226 0.019380 -1.714422 0.0877 
MSENTI 0.394024 0.190639 2.066855 0.0398 
USBM 0.025700 0.053565 0.479791 0.6318 
VOL -1.261576 0.718782 -1.755158 0.0805 

INTERCEPT 0.913486 0.395586 2.309199 0.0218 
R-squared 0.058659 Sample size 253 
The dependent variable is excess returns on the listing day and the independent variables are: age 
of the firm as the year of incorporation subtracted from the year of IPO; Ibrep is defined by way of 
number of issues handled prior to the issue in question from the year 1999; Ln size is Log of the 
total rupee amount (gross proceeds) of the issue being offered to the public; Msenti is defined as 
the returns earned on Nifty index over a three month interval before the issue day; Vol is the ex 
post standard deviation of the IPO returns computed over 21 days after listing ; Conc is the post 
issue shareholding of the promoters; 
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Table 9 

Determinants of the likelihood of using Bookbuilding method (Jan 2003 � Dec 

2007) 

Variable Coefficient Std. Error z-Statistic Prob.  
AGE -0.021245 0.013761 -1.543873 0.1226 

CONC -1.319279 1.337920 -0.986067 0.3241 
IBREP 0.161222 0.055240 2.918570 0.0035 
LNSIZE 1.958196 0.358921 5.455780 0.0000 

VOL 1.745429 5.292987 0.329762 0.7416 
MSENTI -3.322931 2.030415 -1.636577 0.1017 
INDRET 1.292567 2.331105 0.554487 0.5792 
USBM 6.359356 2300570. 2.76E-06 1.0000 

INTERCEPT -37.67147 6.813204 -5.529185 0.0000 
McFadden R-
squared 

0.188624 Sample size 253 

The dependent variable is Bblt and the independent variables are: age of the firm as the year of 
incorporation subtracted from the year of IPO; Ibrep is defined by way of number of issues handled 
prior to the issue in question from the year 1999; Ln size is Log of the total rupee amount (gross 
proceeds) of the issue being offered to the public; Msenti is defined as the returns earned on Nifty 
index over a three month interval before the issue day; Indret captures the nifty movements 
between the closure of an issue and its listing; Vol is the ex post standard deviation of the IPO 
returns computed over 21 days after listing ; Conc is the post issue shareholding of the promoters; 
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Table 10 

Determinants of Issue expenses (Jan 2003 � Dec 2007) 
Variable Coefficient Std. Error t-Statistic Prob.  

AGE -0.000412 0.001685 -0.244433 0.8071 
IBREP 0.000899 0.000962 0.934495 0.3510 
LNSIZE 0.763202 0.024301 31.40587 0.0000 

VOL 0.601614 0.845794 0.711301 0.4776 
BBLT 0.369766 0.063813 5.794515 0.0000 
CONC 0.053277 0.152631 0.349057 0.7273 

INTERCEPT 1.811591 0.462926 3.913349 0.0001 
R-squared 0.096063 Sample size 253 
The dependent variable is log of issue expenses in rupees and the independent variables are: age of 
the firm as the year of incorporation subtracted from the year of IPO; Ibrep is defined by way of 
number of issues handled prior to the issue in question from the year 1999; Ln size is Log of the 
total rupee amount (gross proceeds) of the issue being offered to the public; Vol is the ex post 
standard deviation of the IPO returns computed over 21 days after listing ; Conc is the post issue 
shareholding of the promoters; 
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1 Price discriminatory auctions in stock markets are unusual 
2 For an excellent review of IPO literature see Jenkinson and Ljungqvist (2001) and for the Asian 
literature Yong (2006) 
3Source: http://www.primedatabase.com/pub_demo.asp accessed on 23/4/2008 
4 The inferences remain the same even when the regression was estimated using total costs as the 
dependent variable 
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1 Introduction

The literature on the microstructure of mature �nancial markets has made con-
siderable advances in recent years, bene�tting from the improved availability of
high-frequency data. Yet a similar literature on emerging markets, where high-
frequency data are less easily available, has been largely dormant. Insights into
the functioning of emerging markets are critical for policymakers and investors
alike in advanced and emerging economies. Knowing how emerging markets re-
act to news could help design more e¤ective policy and communication strategies
in response to unanticipated shocks, especially if their e¤ects could spill over
across borders, putting global macroeconomic and �nancial stability at risk.
Good understanding of volatility dynamics and the process of price discovery in
emerging markets is also important for market participants� portfolio and risk
management, which enhances the e¢ciency of �nancial markets.
The literature on mature markets provides a useful benchmark for the analy-

sis of emerging markets� microstructure. In one of the most comprehensive stud-
ies on the topic, Andersen et al. (2003) examine the role of fundamentals in
high-frequency movements in the U.S. dollar spot exchange rates. They �nd that
surprises in macroeconomic data releases have a signi�cant e¤ect on �ve-minute
returns. This implies, in line with theoretical models of market microstructure
(see O�Hara, 1995, and the references therein), that news about fundamentals
are quickly incorporated into asset prices. Market reactions are asymmetric,
with bad news having a greater impact on markets than good news. Bauwens
et al. (2005) con�rm the latter �nding, using headlines released on Reuters
screens as a measure of news. They also examine how news a¤ect volatility, but
do not detect any signi�cant post-announcement e¤ects. This is in contrast to
earlier studies by Ederington and Lee (1993) and Fleming and Remolona (1999)
who reported strong responses of bond market volatility to macroeconomic re-
leases. For stock markets, Andersen et al. (2000) also �nd that macroeconomic
announcements have an instantaneous impact on the volatility of �ve-minute
returns on the Nikkei 225 index.
Mature markets� response to public information appears to be characterized

by a multi-stage process. Prices do not always react to announcements, but
when they do, the adjustment is instantaneous, within one minute after the
announcement, implying a high information e¢ciency of mature �nancial mar-
kets. Trading activity, as re�ected in the volatility of prices, rises within ten to
�fteen minutes after the announcement and remains elevated for about an hour.
Bid-ask spreads widen in tandem with the increase in trading activity, but come
down earlier, suggesting that the initial stages of adjustment are dominated by
informed trading while the last stages are driven by liquidity trading (Fleming
and Remolona, 1999, and Balduzzi et al., 2001).
Regarding the type of fundamentals that markets focus on, the literature on

mature markets suggests that news about local macroeconomic indicators that
are considered to be good predictors of the cyclical position of the economy and
policy actions matter most, although news about fundamentals in systemically
important foreign countries also a¤ect prices and volatility. The timeliness and
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incremental information content of news also matters. In a study of ten-minute
returns in U.S. futures markets, Veredas (2006) �nds that traders show little
interest in macroeconomic indicators that are released with large delay, for ex-
ample, gross domestic product (GDP) data, compared to more frequent releases,
such as those of consumer prices (CPI), employment, industrial production, fac-
tory orders, etc.
Systematic evidence on the microdynamics of emerging bond markets is

scant. The only paper that examines price discovery in emerging bond markets,
to our knowledge, is the study by Robitaille and Roush (2006). It �nds sig-
ni�cant e¤ects of macroeconomic announcements on mean returns of Brazilian
external bonds. However, the study does not account for return dynamics, which
risks biasing its conclusions. Wongswan (2006) examines high-frequency data
for the Brazilian stock market and �nds that both global and local releases a¤ect
intraday volatility. In contrast to the scarcity of studies using high-frequency
data for emerging markets, there is a sizable literature based on daily data that
explores responses to news in emerging bond and stock markets. A recent study
by Andritzky et al. (2007), for example, �nds that news have a stronger im-
pact on volatility than on returns in emerging bond markets, with responses to
macroeconomic announcements weakening in times of crisis compared to calm
periods. The low frequency of data, however, prevents one from drawing strong
inferences about the real-time response to news.
This paper focuses on the analysis of high-frequency volatility dynamics in

emerging bond markets and the role of macroeconomic fundamentals in asset
valuation and trading activity. We model conditional returns and volatility us-
ing intraday data on the largest issues of emerging external bonds (Brazilian,
Mexican, Russian, and Turkish) for the period from October 2006 to February
2008. The empirical setting is based on a two-stage model proposed by Ander-
sen and Bollerslev (1997) and used extensively in the studies of mature markets,
among others, by Andersen et al. (2003).1 We modify the model speci�cation
to �t the unique volatility patterns in emerging markets, particularly di¤erent
seasonality, multiplicative rather than additive relationship between the deter-
ministic and stochastic components of volatility, and time-varying moments. We
compare the �ndings to the literature on mature markets and also use data on
a U.S. Treasury note to do more systematic comparisons of reactions to news
in mature and emerging markets.
How would prices and volatility of emerging assets be expected to react to

macroeconomic news? In line with the literature on mature markets, local data
releases are expected to have a direct and consistent e¤ect on prices and volatil-
ity. News from systemically and regionally important economies should also
have a strong impact on prices and volatility�such news not only directly af-
fect the predominantly international investors of foreign currency-denominated
emerging bonds, but they also have bearing on perceptions about emerging
sovereigns� repayment capacity. As for the duration of the adjustment, informa-

1For other applications of the two-stage approach, see Andersen et al., 2000, Bollerslev
et al., 2000, Dominguez, 2006, and Wongswan, 2006.
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tion absorption in emerging markets may well take longer than that in mature
markets, given lower liquidity and greater information asymmetries in emerging
markets.
When examining market reaction to news, we distinguish two types of ad-

justment: repricing, which involves a shift in asset prices as traders discern
implications of news for the fair value of a bond, and repositioning, or an in-
crease in trading activity, as investors rebalance their portfolios in light of new
information to �t their risk preferences. In line with the �ndings in the earlier
literature, the repositioning e¤ect is expected to dominate the e¤ect on prices,
with volatility remaining at elevated levels long after prices have adjusted. In
addition, market response to news is expected to be nonlinear and asymmetric,
depending, among other things, on the magnitude of surprises and the direc-
tion of news (bad or good news). Such nonlinearities and asymmetries have
been well documented in the literature on mature markets. Lastly, responses
to macroeconomic announcements may also vary depending on the overall level
of volatility in the market. In our sample, volatility has increased sharply after
the onset of �nancial turbulence triggered by the subprime crisis in the United
States in the summer of 2007. In line with the �ndings in Andritzky et al.
(2007), we would expect market reaction to macroeconomic news to become
more di¢cult to detect during �nancial turbulence, as investors are expected
to engage in more active and frequent repositioning of their portfolios, despite
declining trading volumes.
These hypotheses are largely con�rmed by the analysis, although some caveats

apply. As in studies of mature markets, we �nd that the initial price adjust-
ment upon the arrival of new information is weak and dissipates very fast,
within minutes after the announcement. The direction and magnitude of the
response is broadly similar for emerging and U.S. bonds at very high frequen-
cies (one-minute intervals). Yet, as expected, the volatility response is much
more pronounced than that of prices. Volatility remains at elevated levels,
up to six times the preannouncement level, for up to three hours after the
announcement�about three times longer than in mature bond markets. This
con�rms that the absorption of new information is occurring much slower in
emerging markets than in mature markets. Although responses to news vary to
some extent across countries and types of indicators, international news (from
systemically and regionally important countries) are generally at least as im-
portant as domestic news for both asset valuations and volatility dynamics in
emerging markets. The importance of international news appears to be greater
than that found in the literature on mature markets (although the compari-
son is complicated by the fact that most of the literature on mature markets
is based on U.S. data). While we do not �nd strong evidence of asymmetric
e¤ects (stronger responses to bad surprises than to good surprises), we observe
a disproportionately large impact of releases that contain large surprises. As
average volatility has increased with the onset of the subprime crisis, the im-
pact of international (U.S.) news has become more muted, possibly re�ecting a
perception that emerging economies would be resilient to the U.S. downturn.
The rest of the paper is organized as follows. Section 2 describes the high-
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frequency data on bond prices and macroeconomic announcements and also
explains how the surprise content of news was measured. Section 3 discusses
the methodological approach, based on a two-stage model of returns and volatil-
ity. Section 4 explains the modi�cations that were introduced in the traditional
two-stage model to re�ect price and volatility dynamics of emerging markets.
This section also provides a characterization of price and volatility dynamics
in emerging markets. The empirical �ndings concerning the e¤ect of macro-
economic news on prices and volatility are presented in Section 5. Section 6
concludes.

2 Intraday Price Data and Announcements

The core of the dataset consists of intraday price data for the benchmark exter-
nal bonds issued by Brazil, Mexico, Russia and Turkey. Together with Argentina
and Venezuela (which we exclude due to data problems), these four countries
represent the top six sovereign issuers among emerging economies (Trade Associ-
ation for the Emerging Markets, 2008, and JPMorgan, 2008). Their benchmark
bonds are among the most liquid and actively traded instruments in the asset
class. For comparison, we use similar high-frequency data on a U.S. Treasury
bond. Data on expectations and announcements of local macroeconomic data
and interest rate decisions are used as a proxy for public information about
macroeconomic fundamentals. For international macroeconomic data, we use
announcements for the United States, and for regional data, those for Germany,
only for Russian and Turkish bonds. The sample period ranges from October 1,
2006 to February 20, 2008 (325-328 trading days during 17 months, depending
on the bond), split into two subperiods: before and during global �nancial tur-
moil triggered by the U.S. subprime market crisis. The beginning of the latter
is identi�ed as June 5, 2007 (see below).
Intraday bond prices. We focus on the benchmark bonds for each of

the four countries. The Brazilian 11 percent 2040 bond with an outstanding
volume of $4.2 billion is by far the most liquid emerging market bond with an
annual trading volume of $215 billion in 2007. This is also re�ected in its average
bid-ask spread of $0.12�the lowest among all Emerging Markets Bond Index
Global (EMBIG) constituents. Mexico�s external sovereign issuance comprises
several liquid instruments. Among those, we choose the 5.625 percent 2017 as
the largest issue with an outstanding amount of about $3.5 billion, showing the
lowest bid-ask spread of $0.22. Russia�s step-up 2030 bond is the largest Russian
global issue with an outstanding amount of $20 billion; it marks a signi�cant
weight of close to eight percent in the EMBIG. It also represents the second-
most traded eurobond in the emerging market asset class, trading at an average
bid-ask spread of about $0.23. Turkey�s 11.875 percent 2030, the third-most
traded EM eurobond, enjoys an annual trading volume of about $80 billion. Its
outstanding value is $1.5 billion, marking the largest bond issued by Turkey, and
the average bid-ask spread is reported to be $0.42. For comparisons with mature
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markets� behavior, this dataset for emerging market bonds is complemented by
tick data for the respective on-the-run ten-year U.S. treasury note by Tullett
Prebon, an interdealer broker, which are comparable to GovPx data that are
often used in the literature on mature markets.
Price data on emerging market bonds are ten-minute mid-quotes from Bloomberg,

the most widely used information system for bond traders. Most trading in the
emerging market bonds takes place over the counter (OTC), and traders con-
sider bid/ask quotes from Bloomberg to be a reliable source of price information.
Ten-minute intervals are selected given the limited trading activity at shorter
time intervals. We remove observations for quotes posted outside trading hours
(assumed to be 3:00 � 17:00 EST for Mexican and Brazilian bonds and 2:00
� 17:00 EST for Turkish and Russian bonds), weekends, major U.S. and U.K.
public holidays, and quotes for days when 95 percent or more returns are zero.
When comparing the behavior of emerging and mature bond markets, we use
one-minute returns for both. We remove characteristic jumps from the U.S.
treasury bond data, which characterize about 3 percent of our sample. Table 1
provides information on the sample sizes, liquidity and data summary statistics.

[Table 1 about here]

Macroeconomic announcements and expectations. Data on macro-
economic releases and market expectations for Brazil, Mexico, Russia, and
Turkey, as well as for Germany and the United States are also obtained from
Bloomberg. Given the large number of data releases, especially for the United
States and Germany, the sample is restricted to contain the most relevant items,
in line with other studies such as Andersen et al. (2003). The selection of macro-
economic data is guided by timeliness, economy-wide relevance and frequency
of releases (we require that there are at least four announcements during the
sample period), as well as the availability of analyst forecasts. The selection is
con�rmed through a survey of the IMF country desks.
Information on macroeconomic developments in a given period is released

in stages, with high-frequency releases (for example, of monthly data on con-
sumer price index (CPI), producer price index (PPI), industrial production and
retail sales) culminating with the release of quarterly data (for example, on
gross domestic product (GDP)). Many data releases follow preannounced re-
lease schedules, owing to the fact that all four countries in our sample subscribe
to the IMF�s Special Data Dissemination Standard.2 Macroeconomic policy
frameworks as well as historical tradition also have bearing on the composition
of countries� data releases, as re�ected, for example, in the emphasis Brazil and
Mexico place on high-frequency monitoring of prices, given the history of hyper-
in�ation. Regularity in the timing of data releases also varies across countries.3

2The Special Data Dissemination Standard (SDDS) was established in 1996 as guide for
the provision of economic and �nancial market data. It requires subscribers to observe good
practices data coverage, periodicity, and timeliness; access by the public; integrity, as well as
quality of the disseminated data.

3Spot checks of newsticker items provide con�dence that release times, as saved by
Bloomberg, are su¢ciently precise to be usable for the analysis of ten-minute bond returns.
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For example, Turkey and Mexico tend to schedule data releases at speci�c times,
while releases in Brazil occur at multiple times during the day, with changing
announcement times. Releases in Russia occur at irregular times during the
day.
Besides actual macroeconomic releases, we use data on market expectations

of these releases. Bloomberg conducts surveys among market analysts in the
week prior to the release. Median analysts� forecasts provide a measure of mar-
ket expectations, comparable to those presented in Market Forecasts (formerly
MMS) and Consensus Forecasts.
Measures of surprises. In line with common practice in the literature, we

calculate the standardized surprise associated with macroeconomic indicator k
at time t as

Sk;t =
Actualk;t � Expectationk;t

b�k
; (1)

where Actualk;t is the announced value of macroeconomic indicator k, Expectationk;t
is the median expectation of k and b�k is the standard deviation of all surprises
over the sample period. The standardized surprises measure the size and direc-
tion of surprises. We also consider release times Ak;t as a measure of information
arrival.

3 Two-StageModeling of Returns and Volatility

Following Andersen and Bollerslev (1998) and Andersen et al. (2003), we use a
two-step approach to model the e¤ect of news on conditional mean and volatil-
ity.4 It can be summarized as follows. Let Rt be a ten-minute logarithmic
return, t = 1; : : : ; T �N where T is the number of calendar days in the sample
and N is the number of ten-minute returns within each trading day. We model
the conditional mean as

Rt = �0 +
IX

i=1

�iRt�i +
KX

k=1

JX

j=0

�kjSk;t�j + "t (2)

where "t � f
�
0; �2t

�
. The lag length I and the response length J are determined

using Akaike and Bayesian information criteria, and we also test whether a
di¤erent set of the coe¢cient is needed for the subprime crisis period. The least
squares estimation of equation (2) would yield asymptotically consistent but
ine¢cient estimates, as the variance of "t is clearly time-varying. To deal with
this ine¢ciency, we estimate the returns volatility and then obtain the correct
standard errors of parameters in equation (2) using the weighted least squares
techniques. Absolute return innovations jb"tj are used as a proxy for the volatility
process.

4For other applications of this approach, see Andersen et al., 2000, Bollerslev et al., 2000,
Dominguez, 2006, and Wongswan, 2006.
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We assume that the intraday volatility follows the following multiplicative
process

�2t = h (deterministic volatility) � g (stochastic volatility) � ut (3)

where ut is i.i.d. with unit mean and unit variance. The deterministic volatility
is the seasonal component of intraday and week e¤ects that we allow to vary
during the period of subprime crisis. This behavior is modelled using cubic
splines � (t)�piecewise polynomial smoothing functions that are often used to
model intraday seasonality in high-frequency �nancial data (see De Boor, 1978,
and Eubank, 1988, for a general treatment of splines). The stochastic volatility
is assumed to be a function of the long-run component �d(t), short-run ARCH
e¤ects and announcements e¤ects.
More speci�cally, the functional form of equation (3) is

ln jb"tj = �+ � (t) +  �d(t) +
I0X

i=1

�i ln jb"t�ij (4)

+
KX

k=1

J0X

j0=0

�kj0 jSk;t�j0 j+ lnut

where the left-hand side variable, ln jb"tj, is the logarithm of the absolute value of
the residual of equation (2) and �d(t) is the volatility over the day containing the
ten-minute return t. We compare two estimators of �d(t),namely one-day-ahead
GARCH(2,2) predictions from a model �tted to a longer sample of daily data,
and an average of previous day ten-minute absolute returns innovations and
choose the latter because it �ts the data better. The key in estimating equation
(4) is to ensure that the volatility innovations ut�s are i.i.d. random variables,
that is, without any autocorrelation or heteroscedasticity. As discussed below,
these assumptions are satis�ed in our data in the multiplicative model. Also,
we use the heteroscedasticity- and autocorrelation-consistent (HAC) standard
errors obtained using the Newey-West procedure to correct for any remaining
autocorrelation and heteroscedasticity in the residuals from equation (4). We
use b�2t in WLS to calculate standard errors for parameters in (2). The weights
for the WLS estimation of the conditional mean equation are calculated as

wt =
1q
b�2t

We test for the signi�cance of news using the correct standard errors and plot
impulse response functions with con�dence intervals obtained using Monte Carlo
simulations.
The main advantage of the two-stage approach is that it allows us to simulta-

neously examine the e¤ects of a broad range of macroeconomic announcements
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on bond returns and their volatility.5 Although the fact that GARCH estimates
of volatility are based on daily data is a potential drawback, in practice it should
not be. Balduzzi et al. (2001) �nd, for example, that results from a two-step
model with multiple announcements and individual one-step models for each
announcement are similar.

4 Volatility Dynamics in Emerging Markets

One of the contributions of this paper is that it modi�es the traditional two-
stage model of returns and volatility that has been widely used for mature
markets to �t the unique features of emerging bond markets by identifying the
deterministic patterns in intraday returns and volatility. The deterministic com-
ponent (seasonality) of volatility (4), in particular, accommodates weekly and
daily patterns by controlling for them through dummy variables and interaction
terms, while allowing for a structural break at the onset of the subprime crisis.
Stripping the data of the deterministic volatility pattern is methodologically su-
perior to unconditional event studies, which can lead to biased results. We �nd,
in particular, that the additive volatility model that is common in the literature
on mature markets does not �t the behavior of emerging markets as well as the
multiplicative volatility model does. Below we describe in detail how we select
emerging market model speci�cation and provide a characterization of volatility
patterns in these markets.
A visual inspection of volatility patterns points to some evidence of weekly

and daily e¤ects, with volatility rising during the opening hours of the U.S.
markets and on Fridays. This behavior is robust using to using alternative in-
tervals (for example, �ve-minute returns). We thus model the intraday behavior
in return volatility using cubic splines with hourly knots, adding an extra knot
at 8:30 to control for the opening of the U.S. market. Separate splines are used
for Mondays and Fridays to control for weekly e¤ects, with the largest volatility
on Fridays and smallest on Mondays. The mean of intraday absolute returns
peaks during the U.S. market opening (see Figure 1).
Intraday volatility follows a U-shape pattern, which is characteristic of ma-

ture markets as well (see Andersen and Bollerslev, 1998, and the references
therein). Given the concentration of OTC trading in New York and London,
intraday patterns are comparable to those in foreign exchange markets, with
spikes during the U.S. opening as well as the U.K. opening, particularly for
euro-denominated Russian and Turkish bonds. An inspection of intraday pat-
terns in higher moments of the data reveals that skewness and kurtosis also vary
over time. For example, for the Russian bond, the closing returns are negatively

5The alternative, one-stage approach requires estimating a large set of GARCH parameters
in a simultaneous model of intraday returns and volatility. That approach has been used in
studies that focus on the impact of a narrow set of announcements or news intensity. The
latter is often proxied by the number of headlines arriving on Bloomberg or Reuters screens.
For examples of the one-stage approach, see Chang and Taylor (1998 and 2003), Gau and Hua
(2007), DeGennaro and Shrieves (1997) and Melvin and Yin (2000).
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skewed and leptokurtic, whereas for the Turkish bond strong positive skewness
and large kurtosis are observed around the closing time. Time-varying higher
moments could re�ect di¤erent liquidity levels prevalent in the �nancial cen-
ters where the bulk of trading takes place. This contrasts with mature foreign
exchange markets, where trading occurs nearly continuously around the clock.
The implication of time-varying high moments is that the additive volatility
model, which works well for highly liquid mature assets (see, for example, An-
dersen et al., 2003), does not capture well the behavior of the emerging asset
class. We use the multiplicative volatility speci�cation instead, as per equation
(4).
Intraday volatility behavior also di¤ers before and during �nancial turbu-

lence triggered by the U.S. subprime crisis, which we date as having started on
June 5, 2007 based on a Markov-switching model (see Figure 1). Before the
crisis, the U.S. market opening was associated with an increase in volatility,
but di¤erences in volatility during the U.K. and U.S. market opening diminish
during the crisis. Average daily volatility increased across all emerging markets
during the subprime crisis, pointing to increased market activity,6 heightened
uncertainty and possibly lower information e¢ciency. To control for di¤erences
in volatility, we include crisis interaction terms in the model.

[Figure 1 about here]

We determine the lag structure in the conditional mean equation by testing
for up to six hours of autoregressive (AR) e¤ects, and for di¤erent coe¢cients
during �nancial turbulence. The best model speci�cations are chosen based on
AIC and BIC criteria. Whenever there is a con�ict between the selection criteria,
we use the F-test to decide between the two models. The ARCH structure of the
stochastic volatility is determined in the same manner as the AR structure. The
best models that emerge following the tests are presented in Table 2. Further, we
let the data to determine the length of response to news for the conditional mean
and volatility equations and any di¤erences in the response during �nancial
turbulence. In line with Andersen et al. (2003), we test for periods from zero
minutes (i.e., without lagged response) to three hours. Guided by the AIC and
BIC criteria, we uniformly choose J = 0 and J 0 = 3 for each asset and do not
allow the news coe¢cients to change during the period of �nancial turbulence.7

[Table 2 about here]

The resulting model appears well speci�ed. On average, correlation between
observed and �tted volatility series is 0.35. The volatility innovation ut is i.i.d.
(see Figure 2 for an example of autocorrelation patterns in observed volatility

6Despite falling aggregate trade volumes, as measured by Trade Association for the Emerg-
ing Markets.

7Note, however, that since the ARCH parameters do change, the impulse response functions
are di¤erent. The di¤erences are insigni�cant, though, and we plot the impulse response
functions for the crisis period with an average response during the earlier period superimposed
(i.e., without standard errors).

9

1451



and innovations). There is some remaining autocorrelation in residuals from
equation (4), but we ensure the validity of hypothesis testing using the HAC
standard errors.

[Figure 2 about here]

When estimating the impact on mean returns, we use the magnitude of sur-
prises, while focusing on release periods when assessing the impact of news on
volatility. Consistent with economic intuition, model speci�cations show that
larger surprises trigger larger price impacts. However, the volatility response is
more consistently induced by the arrival of information rather than the magni-
tude of surprises. This is in line with the �ndings of Andersen et al. (2003) and
Andersen et al. (2007), who also report that including the news announcement
dummies in the volatility equations, instead of the absolute values of the news
surprise components, improves model �t. Nonetheless, as a robustness check,
we repeat estimations for all models with scaled surprises, absolute scaled sur-
prises and release periods and compare alternative model speci�cations using
balanced datasets.

5 Emerging Markets� Reaction to News

The empirical �ndings relate to various aspects of information absorption in
emerging bond markets. We start by examining how investors reprice and repo-
sition their portfolios in response to macroeconomic news and then discuss the
many nonlinearities and asymmetries in these responses, and as well as evidence
of cross-border spillovers�reaction to international and regional macroeconomic
news.

5.1 Repricing and Repositioning

There is little systematic evidence in ten-minute return data that macroeco-
nomic surprises are causing distinctive price shifts, with very few indicators
signi�cantly contributing to explaining the conditional means and even these
e¤ects not being consistent across countries. One possible reason for this �nding
is that the economic interpretation of macroeconomic news is not straightfor-
ward for sovereign bond markets and particularly for emerging bond markets.
For example, a positive surprise about trade balance (i.e., a trade de�cit being
larger than expected) can be either a sign of strength or weakness in macroeco-
nomic fundamentals, depending on the factors driving the de�cit and the degree
of external vulnerability of the country in question. Macroeconomic forecasts
for emerging economies also carry a larger margin of error owing to poorer qual-
ity and coverage of statistics as well as more signi�cant ongoing changes in the
structure of emerging economies. In addition, short-term arbitrage trading may
be less prominent in emerging bond markets than in mature bond markets, be-
cause of their lower liquidity. The response of long-term investors also could be
more protracted in emerging markets, where cross-over investors holding a broad
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range of asset classes rather than dedicated investors account for a signi�cant
share of the investor pool.
Yet it cannot be precluded that price shifts in response are not evident

simply because of the low frequency of data. Studies on mature markets show
that returns react sharply to news for a brief spell of time�just the �rst few
minutes (see Fleming and Remolona, 1999 and Andersen et al., 2007). Such
immediate e¤ect would not be picked up in our ten-minute interval data. We
therefore follow Green (2004) and undertake a simple event study with one-
minute returns, focusing on U.S. releases occurring between 8:00 and 9:00 EST.
The most signi�cant impact is observed within a three-minute period after the
announcement (see Table 3 for estimates of contemporaneous and total e¤ects
and Figure 3 for some impulse-response functions8). Positive surprises in real
activity trigger price declines, as expected during a period near the peak of the
economic cycle and increasing price pressures. The direction and magnitude of
responses are broadly similar for emerging and U.S. bonds.

[Table 3 about here]
[Figure 3 about here]

The volatility response to the arrival of macroeconomic news, which is re-
�ective of investors� repositioning in response to new information, is much more
signi�cant than the price response. In line with Li and Engle (1998), who
conclude that macroeconomic announcements are �the major source of price
volatility,� we �nd that volatility is a¤ected by a broad range of local and
global (U.S.) macroeconomic announcements. Figures 4 and 5 show impulse
response functions for the overall impact of news, and the impact of news about
local and U.S. in�ation and interest rate changes, respectively. Releases of
domestic and U.S. macroeconomic data increase volatility by 1.5 times on av-
erage, with responses lasting for up to 3 hours. The reaction to U.S. news is
pronounced and largely homogenous, notwithstanding a smaller volatility reac-
tion in Brazilian bonds and a faster dissipation of volatility in the U.S. treasury
note). In contrast, domestic news trigger a more muted and more di¤erentiated
response. The volatility impact on Brazilian bonds is moderate and fast dissi-
pating, similarly to that for the U.S. Treasury note, while Mexican and Russian
markets exhibit volatility reversals and Turkish bonds show a protracted pickup
in volatility. This pattern is consistent across di¤erent types of indicators, for
example, in�ation releases. Federal Open Market Committee (FOMC) interest
rate actions are uniformly inducing high volatility in U.S. dollar-denominated
bonds of Brazil and Mexico, with volatility spiking 2 to 3 times higher in the
�rst ten minutes, despite the fact that changes in the federal funds rate are
perfectly predicted on average. (The response of the euro-denominated bonds
of Russia and Turkey to ECB interest rates is visible but less pronounced.) By

8The estimates of the impulse-response functions are obtained using Monte Carlo simula-
tions and account for the parameter estimation uncertainty. In cases where AR and ARCH
parameters di¤er before and during the crisis, we plot the response during the crisis period,
adding a line for the before-crisis response. These di¤erences, however, do not appear to have
any major implications for the plots.
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contrast, local interest rate changes have a large, albeit delayed, response only
on Brazil�s external bond. One caveat to this �nding, however, is that monetary
policy rate changes in Mexico were largely absent during the observation period
and in Russia interest rates are not a policy instrument.

[Figure 4 about here]
[Figure 5 about here]

Tables 4, 5 and 6 provide a cross-sectional comparison of average increases in
volatility in response to domestic, global (U.S.), and�for Russia and Turkey�
regional (German) news, controlling for other e¤ects. The magnitudes and signs
of coe¢cients are consistent with impulse response functions. The volatility re-
sponse to domestic news is the weakest in Russia, with most coe¢cients being
insigni�cant and at times even negative. One possible reason for the muted
response to domestic news in Russia is that releases there occur at irregular
times of the day, and, furthermore, new macroeconomic data tend to be prean-
nounced in advance of the release date through speeches of government o¢cials.
Another possibility is that investors were less focused on domestic data releases
in Russia during the period covered by the study, as they perceived the econ-
omy as being resilient to external shocks and with a high capacity to repay
external debt thanks to high oil and gas prices. In Turkey, the volatility im-
pact is also found to be delayed, possibly re�ecting a simultaneous release of
several macroeconomic indicators,9 but large in magnitude. The more signi�-
cant impact of domestic announcements in Turkey compared to Russia could
re�ect investors� perceptions of greater vulnerabilities of the former. Unlike the
markets for Russian and Turkish bonds, those for Brazilian and Mexican bonds
react instantaneously and signi�cantly to a gamut of domestic macroeconomic
announcements.

[Table 4 about here]
[Table 5 about here]
[Table 6 about here]

Besides the above country-speci�c factors, the relevance of macroeconomic
information for investors is likely to depend on its general characteristics: time-
liness, marginal information content, and reliability. Indicators released on a
more timely, frequent basis could be seen as more relevant, as evidenced, for
example, by a much stronger response to weekly releases of trade balance data
in Brazil than to monthly data releases and to preview CPI data in Brazil and
Mexico than to later releases. However, in some cases even those indicators
that are released late could have high relevance for markets. For example, de-
spite being released late in the reporting cycle, GDP appears to have a large
marginal information content for emerging markets, suggesting that investors�

9To disentangle responses to releases of individual indicators, we use the surprise content
of releases instead of the release times. This suggests that surprises in PPI tend to have a
more immediate impact on volatility than surprises in CPI.

12

1454



expectations are not well guided by releases of higher frequency data, for exam-
ple, on industrial production or retail sales.10 Perceived data reliability is also
an important factor that determines market reaction. Some statistics could be
subject to considerable error margins and frequent revisions, dampening market
reaction to the original release.11 In addition, the quality of analysts� forecasts
has bearing on the magnitude of surprises and hence market reaction. Lastly,
early guidance to markets�through publishing preliminary and advance �gures,
policy decision rules, preannouncement of new data in o¢cial speeches or infor-
mal information leakage�would tend to reduce the magnitude of surprises and
market reaction.

5.2 Asymmetries and Nonlinearities

Finally, we test for the presence of asymmetries and nonlinearities in the process
of information absorption in emerging bond markets: (i) Do bad news matter
more than good news? (ii) Do big surprises move markets more than small
surprises? And (iii) Do macroeconomic news matter more during calm times
or during �nancial turbulence, which in our sample follows the onset of the
subprime crisis in the United States?
Evidence from behavioral studies suggests that negative news tend to trigger

a stronger response than positive news (see, for example, Gosnell et al., 1996).
We test for asymmetric responses by allowing coe¢cients for positive and neg-
ative surprises to vary. As other studies (Ederington and Lee, 2001), we obtain
some striking, albeit inconclusive results. Lower-than-expected GDP announce-
ments are accompanied by a larger and more signi�cant volatility response in
Brazil and Mexico, and, to a lesser degree, in Russia. Also, higher-than-expected
in�ation in Brazil, as measured by the IGP-10 or the IPCA-15 indicators, results
in a signi�cant increase in volatility, while lower-than-expected in�ation has a
less pronounced impact on volatility.
Rigobon and Sack (2006) suggest that noisiness and measurement problems

explain why the estimated response of macroeconomic announcements on asset
prices is rather small. We suspect that this is particularly true for small sur-
prises that do not cause a shift in the macroeconomic outlook investors believe
in. In turn, large surprises may prompt investors to reconsider their views on
the outlook and reshue their portfolios, triggering a larger increase in volatil-
ity. This hypothesis can be tested by classifying the standardized surprise into
two categories (big and small surprises) by absolute magnitude. Judging by
model �t, the optimal cuto¤ lies between the 40 percent quantile (Brazil) and
the 80 percent quantile (Mexico). We choose the 70 percent quantile for com-
paring coe¢cients across countries (see Table 7). There is some evidence for

10This contrasts with the U.S., where advance GDP �gures mirror earlier releases of monthly
personal spending (consumption accounts for more than 70 percent of GDP in the U.S.).
Jointly released personal income and spending indeed tend to induce signi�cant volatility
in emerging market and U.S. bonds. Hence, we do not �nd strong evidence that advance
GDP consistently raise volatility. Yet prelimiary GDP (released one month later), which also
includes foreign trade data and revisions, does raise volatility.
11Examining the role of data revisions is outside the scope of this study, however.
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larger surprises in the U.S. data triggering a more sizeable and more immediate
volatility reaction than surprises in domestic news.

[Table 7 about here]

With the onset of �nancial turbulence in June 2007, the response to U.S.
macroeconomic releases has become less pronounced (see Table 8), with domes-
tic news in Brazil and Turkey gaining in importance. While intraday volatility
has increased, the aggregate e¤ect of U.S. surprises on volatility in emerging
bond markets has become less consistent and weaker during �nancial turbu-
lence, while the importance of speci�c indicators has increased. The shift in at-
tention, away from broad aggregate indicators toward speci�c and more timely
indicators, is consistent with the �ndings in Andritzky et al. (2007) for periods
of emerging market crises. The striking decline in importance of U.S. macro-
economic news could also be viewed as indirect evidence for a decoupling of
emerging market economies from developments in the United States during the
period covered by the study. According to market observers, bonds of higher-
income emerging economies have also served as a safe haven for investors during
�nancial turbulence in mature �nancial markets.

[Table 8 about here]

6 Conclusion

This paper is among the �rst to provide systematic evidence on the volatility
dynamics of emerging bond markets and the role of macroeconomic fundamen-
tals in the price discovery process in these markets. An analysis of intraday data
for selected emerging external bonds suggests that the immediate price response
to macroeconomic announcements is similar to that in mature markets in that
it is nearly instantaneous. The pattern of subsequent adjustment is also similar,
with a more drawn-out process of elevated trading activity as investors repo-
sition their portfolios in response to news. Volatility remains elevated for up
to three hours after announcements�about three times longer than in mature
bond markets�possibly owing to greater information asymmetries and lower
liquidity in emerging markets. international and regional news tend to be at
least as important as local news. Although we cannot con�rm strong asymmet-
ric e¤ects of good versus bad news, which are often observed in mature markets,
we �nd a disproportionately larger impact of U.S. macroeconomic data releases
that contain large surprises. Lastly, we do not �nd evidence that a simultaneous
release of several macroeconomic indicators triggers a more pronounced volatil-
ity response, while it appears that market reaction weakens when indicators are
released at random times during the day or are preannounced.
Another interesting feature of emerging markets� adjustment to public infor-

mation is that international news from systemically important countries tend
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to be at least as important as domestic news, con�rming close links between
emerging and mature markets and the importance of global macroeconomic
fundamentals for the performance of foreign-currency denominated emerging
assets. Such �news spillovers�, characterized by a homogenous pattern of re-
sponse across all emerging bonds in the study, seem to be less pronounced in
mature markets, which tend to be driven mostly by local data releases. Lastly,
we �nd that in the wake of the U.S. subprime market crisis, investors have
shifted their attention away from the U.S. macroeconomic releases, possibly
based on the view that these have been driven by idiosyncratic factors. All in
all, the paper suggests many parallels in the price discovery process in emerging
and mature markets, while highlighting unique features.
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Figure 1: Intraday Volatility Patterns Before and During The Subprime Crisis

Notes: The �gure graphs the intraday patterns of return volatility (de�ned as absolute ten-minute

returns) for the U.S. ten-year Treasury note and emerging market external bonds: Brazil 2040,

Mexico 2017, Russia 2030 and Turkey 2030. The dashed lines represent the intraday volatility

patterns the solid lines�during the crisis. Both estimates are obtained using cubic splines with

hourly knots, with an extra knot at 8.30. The beginning of the the U.S. subprime market crisis

is identi�ed as June 5, 2007. The time of the day is measured in hours since midnight, Eastern

Standard Time. Sample period: October 1, 2006 � February 20, 2008. Data sources: Bloomberg,

Tullett Prebon.
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Figure 2: Autocorrelation of Ten-Minute Return Volatility and Volatility Inno-
vations

Notes: The solid lines represent the autocorrelation function for ten-minute return volatility (left

panel) and volatility innovations ût = j"̂tj =�̂
2
t (right panel) for a sample bond (Brazilian 2040

Bond). The dashed lines represent 95% con�dence intervals. 84 lags correspond to one trading day

and 420 lags correspond to one trading week. Sample period: October 1, 2006 � February 20, 2008.

Data sources: Bloomberg, Tullett Prebon.

20

1462



Figure 3: Price Response to Surprises in U.S. Macroeconomic News

U.S. Gross Domestic Product (Advance)

U.S. Core In�ation reports

U.S. Current Account

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 + �1Rt�1 +
KX

k=1

3X

j=0

�kjSk;t�j + "t;

where Rt is the one-minute log-return on quotes posted between 8:00 � 9:00 EST and Sk;t is the standardized news corresponding to an U.S. macroeconomic

announcement k made at 8:30 EST. The �gures present the one-minute return response to arrivals of U.S. GDP Advance statistics (top panel), core in�ation

reports (centre panel) and current account news (bottom panel). The solid lines represent the median percentage change in returns, and the dashed lines

represent the 95% con�dence intervals. The estimates are obtained using Monte Carlo simulations and account for the estimation unceratinty. The x-axis

denotes time in minutes, with the announcements time �xed at 0. Sample period: October 1, 2006 � February 20, 2008. Data sources: Bloomberg, Tullett

Prebon.
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Figure 4: Volatility Response to Local News Arrival
All local news

In�ation releases

Policy rate changes

(not available)

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 +
IX

i=1

�iRt�i +
KX

k=1

�kAk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +
I0X

i=1

�i ln j"̂t�ij+
KX

k=1

3X

j0=0

�kj0
��Ak;t�j0

��+ lnut

where Rt is the ten-minute log-return, Ak;t is a dummy variable indicating a release of an announcement k, �d(t) is the proportion of the long memory

volatility over the day containing the return t; and � (t) denotes a cubic spline that estimates the intradaily and weekly seasonality. The �gures present the

ten-minute volatility response to arrivals of all local macroeconomic news (top panel), in�ation reports (centre panel) and policy interest rate decisions (bottom

panel). The solid lines represent the median percentage change in volatility, with circles and stars used to distinguish the responses before and during the

subprime crisis, respectively. The dashed lines represent the 95% con�dence intervals. The estimates are obtained using Monte Carlo simulations and account

for the estimation uncertainty. The x-axis denotes time in hours, with the announcements time �xed at 0. Sample period: October 1, 2006 � February 20,

2008. Data source: Bloomberg.
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Figure 5: Volatility Response to U.S. News Arrival

All U.S. news

In�ation reports

FOMC interest rate decisions

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 +

IX

i=1

�iRt�i +

KX

k=1

�kAk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +

I0X

i=1

�i ln j"̂t�ij+

KX

k=1

3X

j0=0

�kj0
��Ak;t�j0

��+ lnut

where Rt is the ten-minute log-return, Ak;t is a dummy variable indicating a release of an announcement k, �d(t) is the proportion of the long memory volatility

over the day containing the return t; and � (t) denotes a cubic spline that estimates the intradaily and weekly seasonality. The �gures present the ten-minute

volatility response to arrivals of all U.S. macroeconomic news (top panel), in�ation reports (centre panel) and FOMC interest rate decisions (bottom panel).

The solid lines represent the median percentage change in volatility, with circles and stars used to distinguish the responses before and during the subprime

crisis, respectively. The dashed lines represent the 95% con�dence intervals. The estimates are obtained using Monte Carlo simulations and account for the

estimation uncertainty. The x-axis denotes time in hours, with the announcements time �xed at 0. Sample period: October 1, 2006 � February 20, 2008.

Data sources: Bloomberg, Tullett Prebon.
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Table 1: Summary Statistics for One- and Ten-Minute Bond Returns

BZ40 MX17 RU30 TU30 US10Y

10min 1min 10min 1min 10min 1min 10min 1min 10min 1min

Sample Sizes

Number of trading days 325 297 324 325 340
Proportion of 8:00 � 9:00 quotes 9.92% 10.77% 11.06% 10.16% 8.27%
Number of observations 27,300 19,500 34,948 17,820 29,160 19,440 29,250 19,500 30,600 20,340
Liquiditya 166 18 210 25 236 29 230 26 659 55
� before crisisb 60 9 129 21 188 27 170 18 561 52
� during crisisb 246 25 276 29 272 31 276 32 751 58

Returns

Mean 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Standard deviation 0.019 0.011 0.023 0.013 0.015 0.007 0.022 0.009 0.006 0.003
Skewness 0.064 -0.070 -0.101 -0.431 -0.743 -2.784 -0.325 -0.818 -0.171 -0.588
Kurtosis 19.662 37.326 19.463 54.091 36.969 110.237 29.096 64.022 14.501 53.033
First-order autocorrelation -0.171 -0.190 -0.203 -0.095 -0.144 -0.091 -0.084 -0.088 -0.053 0.055

Absolute Returns

Mean 0.009 0.003 0.010 0.004 0.007 0.003 0.011 0.003 0.004 0.002
Standard deviation 0.017 0.010 0.021 0.012 0.014 0.007 0.019 0.008 0.004 0.003
Skewness 3.486 5.232 3.648 6.254 4.927 7.271 4.532 6.371 3.320 6.063
Kurtosis 23.503 38.371 21.000 59.196 49.653 152.215 37.039 76.977 25.351 89.928
First-order autocorrelation 0.253 -0.190 0.317 0.196 0.265 0.148 0.210 0.218 0.253 0.223

Notes: The table reports sample sizes and summary statistics for the U.S. ten-year Treasury note and emerging market external bonds: Brazil 2040, Mexico
2017, Russia 2030 and Turkey 2030. Quotes posted outside trading hours (assumed to be 3:00 � 17:00 EST for Mexican and Brazilian bonds and 2:00 � 17:00
EST for Turkish and Russian bonds), during weekends, ma jor U.S. and U.K. public holidays, and days when 95 percent or more of ten-minute returns are
zero are removed from the sample. For the one-minute sample only quotes posted between 8:00 and 9:00 EST are retained. Sample period: October 1, 2006
� February 20, 2008. Data sources: Bloomberg, Tullett Prebon.

a
Average number of quotes per day over the period November 6, 2006 � February 20, 2008.

b
The beginning of the the U.S. subprime market crisis is identi�ed as June 5, 2007. For all assets, the di¤erences in liquidity before and during the subprime
crisis are signi�cant at the 5% level.
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Table 2: AR-ARCH Speci�cation

BZ40 MX17 RU30 TU30 US10Y

AR AR(9) AR(16)� AR(7)� AR(8)� AR(1)�

ARCH ARCH(13)� ARCH(18)� ARCH(8)� ARCH(18)� ARCH(9)�

Notes: The lag structure of the conditional mean and variance equations for the emerging market
external bonds and U.S. ten-year Treasury note is determined within the following framework:

Rt = �0 +

IX

i=1

�iRt�i + "t

ln j"̂tj = �+ � (t) +  �d(t) +

I0X

i=1

�i ln j"̂t�ij+ lnut

where Rt is the ten-minute log-return, �d(t) is the proportion of the long memory volatility over the
day containing the return t; and � (t) is the seasonal component of intradaily and weekly e¤ects that
we allow to vary during the period of subprime crisis. This behavior is modelled using cubic splines
with hourly knots (and an extra knot for 8:30 EST). We test for up to six hours of autoregressive
(AR/ARCH) e¤ects, and for di¤erent coe¢cients during the subprime crisis. The best model is
chosen by AIC and BIC criteria. Whenever there is a con�ict between these two criteria, we use the
F-test to decide between the two models. This table reports the AR-ARCH speci�cation of the
models, with � denoting that coe¢cients are allowed to change during the crisis period. Sample
period: October 1, 2006 � February 20, 2008. The beginning of the the U.S. subprime market crisis
is identi�ed as June 5, 2007. Data sources: Bloomberg, Tullett.
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Table 3: Impact of Surprises in U.S. Macroeconomic News on One-Minute Returns

BZ40 MX17 RU30 TU30 US10Y

ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤

GDP (Adv) -0.160 -1.517 -0.040 -3.367 -0.051 -3.674 0.153 -2.511 -0.086 -1.453
Personal Consumption (Adv) -0.085 0.135 -0.140 0.015 -0.089 -0.039 0.045 -0.441 -0.194 -0.047
GDP (Pre) 0.609 0.481 -0.180 1.134 0.780 -1.233 -0.191 -0.041 -0.096 0.079
Personal Consumption (Pre) 0.654 0.678 -0.580 -1.202 0.251 -0.247 -0.364 -0.506 -0.091 0.130
Current Account 0.639 3.391 0.130 1.071 -0.062 0.491 0.217 1.267 -0.049 -0.141
Trade Balance 0.136 0.448 0.040 -1.157 -0.124 -0.366 0.321 -0.344 -0.022 -0.569
Durable Goods Orders 0.085 -0.269 -0.320 -1.465 -0.157 -1.118 -0.508 -1.316 -0.078 -0.938
Retail Sales 0.117 -2.180 -0.490 -3.785 -0.171 -1.172 -0.046 -2.368 -0.115 -0.869
Personal Spending -0.405 -0.671 0.040 -0.384 -0.076 -0.949 0.199 -0.334 -0.044 -0.447
Personal Income -0.164 -1.861 0.210 -0.471 0.139 0.014 -0.047 0.140 0.037 -0.013
Housing Starts 0.620 -0.627 0.690 -0.829 0.696 -0.074 0.044 -0.625 0.118 -0.748
Building Permits 0.247 0.223 -1.040 -0.473 -0.237 -0.093 0.039 0.304 -0.187 0.207
CPI 0.638 -1.181 -1.030 -1.876 0.030 0.638 -0.219 -1.101 -0.111 -0.457
Core CPI -0.735 -3.802 0.060 -4.893 0.012 -3.735 0.116 -3.458 -0.185 -2.255
PPI -0.316 -0.553 0.130 -4.146 0.626 -0.243 0.118 -1.406 0.035 -0.960
Unemployment 0.030 0.523 -0.200 0.266 -0.004 0.760 -0.176 0.454 -0.025 0.596

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 + �1Rt�1 +

KX

k=1

3X

j=0

�kjSk;t�j + "t;

where Rt is the one-minute log-return on quotes posted between 8:00 � 9:00 EST and Sk;t is the standardized news corresponding to an U.S. macroeconomic
announcement k made at 8:30 EST. ContE¤ denotes the contemporaneous impact of an announcement (�k0). TotE¤ denotes the total impact of an announcement

over the window of three minutes, calculated as
P3

j=0 �kj and tested for signi�cance using the �2 Wald statistic. Coe¢cients provided in bold are signi�cant at the 5%

level, using heteroscedasticity- and autocorrelation-consistent standard errors. Sample period: October 1, 2006 � February 20, 2008. Data sources: Bloomberg, Tullett
Prebon.
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Table 4: Impact of Domestic News Arrival on Ten-Minute Return Volatility

BZ40 MX17 RU30 TU30 US10Y

ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤

All Domestic News 46.11 51.69 38.28 36.44 12.50 -10.21 -8.17 57.24 33.12 68.91

GDPa 157.56 224.38 160.35 103.74 -67.87 -44.25 45.86 -55.44 147.43 203.82
Industrial Productionb 124.01 81.12 51.20 69.77 251.21 247.70 101.55 199.83 13.12 87.07
Retail Sales 147.82 43.02 136.93 139.62 56.11g -44.77 0.00 0.00 -3.99 -55.42
Trade Balancec 62.61 72.44 67.88 -112.36 -3.63 -155.88 33.76 93.86 31.76 28.89
Current Accountd 119.96 116.62 � � -56.81 -172.46 16.01 10.37 78.64 110.99
Public Budget Balancee 15.69 95.08 192.30 59.54 -12.11 -149.77 � � 36.09 113.30
CPIf 118.70 73.01 213.07 99.52 167.78 611.15 49.83 131.21 36.33 105.15
Unemployment 87.26 25.73 195.09 46.03 56.11g -44.77 109.43 156.07 39.33 97.12
Interest Rated 151.53 479.79 32.20 37.78 � � -25.09 95.29 257.75 554.73

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 +

IX

i=1

�iRt�i +

KX

k=1

�kAk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +

I0X

i=1

�i ln j"̂t�ij+

KX

k=1

3X

j0=0

�kj0
��Ak;t�j0

��+ lnut

where Rt is the ten-minute log-return, Ak;t is a dummy variable indicating a release of an announcement k, �d(t) is the proportion of the long memory volatility
over the day containing the return t; and � (t) denotes a cubic spline that estimates the intradaily and weekly seasonality. ContE¤ denotes percentage change in
volatility when news occur (�k0). TotE¤ denotes the total impact percentage change in volatility over the window of 40 minutes, calculated as

P3
j0=0

�kj0 and

tested for signi�cance using the �2 Wald statistic. Coe¢cients provided in bold are signi�cant at the 5% level, using heteroscedasticity- and
autocorrelation-consistent standard errors. Sample period: October 1, 2006 � February 20, 2008. Data sources: Bloomberg, Tullett Prebon.

a
GNP for Turkey until March 2008. Preliminary GDP for the U.S.

b
U.S. industrial production is simultaneously released with capacity utilization.

c
Weekly trade balance for Brazil. Preliminary trade balance for Mexico.

d
No data is available for current account in Mexico and interest rates in Russia.

e
Primary budget balance for Brazil.

f
Weekly FIPE (Foundation Institute for Economic Research) CPI for Brazil. CPI Preview for Mexico.

g
Russian retail sales and unemployment are simultaneously released with disposable income, investment, PPI, and real wages.
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Table 5: Impact of U.S. News Arrival on Ten-Minute Return Volatility

BZ40 MX17 RU30 TU30 US10Y

ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤

All U.S. News 25.54 49.88 33.70 92.89 27.57 62.85 15.77 77.66 33.12 68.91

GDP (Adv) -2.42 121.22 55.39 277.95 -65.66 91.78 -34.43 208.07 60.18 201.36
GDP (Pre) 140.93 30.12 175.11 429.74 120.48 282.60 59.99 139.27 147.43 203.82
Industrial Productiona 95.23 18.78 -23.88 -57.18 30.17 96.05 -1.01 58.62 13.12 87.07
Retail Sales 44.47 62.88 57.06 155.78 2.48 120.35 43.47 167.04 -3.99 -55.42
Personal Income/Spending 85.45 111.22 81.21 113.46 25.48 199.31 0.63 156.26 13.94 20.90
Durable Goods Orders 27.46 118.81 28.48 123.08 51.02 105.04 33.38 168.72 70.42 86.98
Current Account 44.41 183.12 175.94 176.16 54.21 71.10 62.98 154.67 78.64 110.99
Trade Balance 7.38 69.78 17.05 154.39 -7.35 66.69 6.78 -23.32 31.76 28.89
Housing Startsb 81.04 146.94 130.63 202.45 -0.69 -54.10 -22.97 -0.75 42.13 25.47
New Home Sales 5.17 -31.46 -22.65 85.22 15.46 67.48 23.01 -3.05 5.22 100.73
S&P/Case-Shiller 58.14 130.14 20.47 140.36 -69.01 -65.45 75.19 -32.39 58.62 -30.25
ISM Manufacturing Index 22.64 97.42 73.11 254.91 48.80 48.06 -54.19 158.78 -6.22 165.24
Consumer Con�dence 48.04 1.53 -8.60 -71.63 30.50 142.78 -17.71 75.32 61.05 123.32
Monthly Federal Budget 87.15 -42.12 -64.31 34.23 280.92 252.16 159.52 244.23 36.09 113.30
CPI/Core CPI 50.05 82.30 63.25 214.32 66.29 205.76 42.71 206.53 36.33 105.15
PPI -32.65 81.99 6.28 229.90 19.13 42.43 -25.46 83.77 19.26 228.96
Initial Jobless Claims 47.94 80.65 36.96 40.75 30.11 20.83 38.49 121.62 39.33 97.12
Non-farm Payroll 39.24 233.89 118.01 282.85 110.88 321.93 97.74 460.5 73.04 143.85
FOMC Interest Rate Decision 175.85 398.35 305.61 645.86 33.63 -164.33 79.88 24.93 257.75 554.73

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 +

IX

i=1

�iRt�i +
KX

k=1

�kAk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +

I0X

i=1

�i ln j"̂t�ij+

KX

k=1

3X

j0=0

�kj0
��Ak;t�j0

��+ lnut

where Rt is the ten-minute log-return, Ak;t is a dummy variable indicating a release of an announcement k, �d(t) is the proportion of the long memory volatility over
the day containing the return t; and � (t) denotes a cubic spline that estimates the intradaily and weekly seasonality. ContE¤ denotes percentage change in volatility when
news occur (�k0). TotE¤ denotes the total impact percentage change in volatility over the window of 40 minutes, calculated as

P3
j0=0

�kj0 and tested for signi�cance

using the �2 Wald statistic. Coe¢cients provided in bold are signi�cant at the 5% level, using heteroscedasticity- and autocorrelation-consistent standard errors. Sample
period: October 1, 2006 � February 20, 2008. Data sources: Bloomberg, Tullett Prebon.

a
Industrial production is simultaneously released with capacity utilization.

b
Housing starts are simultaneously released with building permits.
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Table 6: Impact of German News Arrival on Ten-Minute Return Volatility

RU30 TU30

ContE¤ TotE¤ ContE¤ TotE¤

All German News 24.06 27.54 -0.51 -3.73

GDP (Pre) 230.99 -163.99 39.88 103.26
Industrial Production 8.53 -82.51 4.49 -170.02
Factory Orders 103.91 73.86 27.49 -14.99
Retail Sales 165.63 143.91 106.88 247.59
External Accountsa 132.86 276.43 134.81 18.03
ZEW Economic Sentiment 75.54 -112.14 66.67 64.29
PMI Manufacturing 25.35 -79.52 45.70 -15.67
CPI 193.19 143.67 72.18 68.46
PPI 91.02 333.33 -291.03 -172.85
Unemployment -88.91 -303.77 -113.61 -86.89
Euro-area Interest Rate -34.94 -15.39 105.89 75.10

Notes: We estimate the news response model for the European emerging market external
bonds,

Rt = �0 +
IX

i=1

�iRt�i +
KX

k=1

�kAk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +
I0X

i=1

�i ln j"̂t�ij+
KX

k=1

3X

j0=0

�kj0
��Ak;t�j0

��+ lnut

where Rt is the ten-minute log-return, Ak;t is a dummy variable indicating a release
of an announcement k, �d(t) is the proportion of the long memory volatility over the day
containing the return t; and � (t) denotes a cubic spline that estimates the intradaily
and weekly seasonality. ContE¤ denotes percentage change in volatility when news
occur (�k0). TotE¤ denotes the total impact percentage change in volatility over the

window of 40 minutes, calculated as
P3

j0=0
�kj0 and tested for signi�cance using the �2

Wald statistic. Coe¢cients provided in bold are signi�cant at the 5% level, using
heteroscedasticity- and autocorrelation-consistent standard errors. Sample period:
October 1, 2006 � February 20, 2008. Data sources: Bloomberg.

a
Joint release of current account, trade balance, import and export growth.
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Table 7: Impact of Surprise News in the Upper and Lower 0.70 Quantile on Ten-Minute Return Volatility

BZ40 MX17 RU30 TU30 US10Y

ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤

Domestic News

lower quantile 89.86 67.32 69.92 68.23 17.71 45.67 66.24 112.06
upper quantile 38.93 78.57 66.12 21.52 69.74 -43.18 24.50 70.34

U.S. News

lower quantile 8.05 55.17 -3.30 72.46 33.13 69.14 26.68 106.26 34.53 95.04
upper quantile 32.35 51.08 64.96 121.47 53.45 131.86 35.49 143.52 52.23 92.21

German News

lower quantile 117.64 75.34 66.92 89.57
upper quantile 56.34 -17.06 37.7 -44.68

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 +

IX

i=1

�iRt�i +
X

k2news�

�kIk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +

I0X

i=1

�i ln j"̂t�ij+
X

k2news�

3X

j0=0

�kj0Ik;t�j0 + lnut

where Rt is the ten-minute log-return, �d(t) is the proportion of the long memory volatility over the day containing the return t; and � (t) denotes a
cubic spline that estimates the intradaily and weekly seasonality. Ik;t is a dummy variable indicating releases of grouped announcements: (a) domestic
and U.S. for BZ40 and MX17 bonds, (b) domestic, U.S. and German for RU30 and TU30 bonds, and (c) U.S. only for U.S. ten-year Treasury note. For
each group of announcements, we classifying the standardized surprise into two categories by absolute magnitude, with surprises in the lower 0.7
quantile de�ned as �small� and the others de�ned as �large.� ContE¤ denotes percentage change in volatility when news occur (�k0). TotE¤ denotes

the total impact percentage change in volatility over the window of 40 minutes, calculated as
P3

j0=0
�kj0 and tested for signi�cance using the �2 Wald

statistic. Coe¢cients provided in bold are signi�cant at the 5% level, using heteroscedasticity- and autocorrelation-consistent standard errors. Sample
period: October 1, 2006 � February 20, 2008. Data sources: Bloomberg, Tullett Prebon.
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Table 8: Impact of News Arrival on Ten-Minute Return Volatility Before and During the Subprime Crisis

BZ40 MX17 RU30 TU30 US10Y

ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤ ContE¤ TotE¤

Domestic News

before crisis -7.50 27.12 43.17 29.37 21.42 -12.52 28.03 61.98
during crisis 45.12 56.05 23.34 38.67 8.39 -11.52 55.76 83.54

U.S. News

before crisis 47.18 90.68 46.42 139.84 41.54 81.37 14.84 91.15 26.43 88.94
during crisis 5.90 7.09 20.03 44.94 18.02 33.64 19.78 67.74 17.3 41.18

German News

before crisis 92.59 94.44 -19.82 -5.56
during crisis 28.46 10.18 33.96 -12.82

Notes: We estimate the news response model for the emerging market external bonds and U.S. ten-year Treasury note,

Rt = �0 +
IX

i=1

�iRt�i +
X

k2news

�kIk;t + "t

ln j"̂tj = �+ � (t) +  �d(t) +
I0X

i=1

�i ln j"̂t�ij+
X

k2news

3X

j0=0

�kj0Ik;t�j0 + lnut

where Rt is the ten-minute log-return, �d(t) is the proportion of the long memory volatility over the day containing the return t; and � (t) denotes
a cubic spline that estimates the intradaily and weekly seasonality. Ik;t is a dummy variable indicating releases of grouped announcements:
(a) domestic and U.S. for BZ40 and MX17 bonds, (b) domestic, U.S. and German for RU30 and TU30 bonds, and (c) U.S. only for U.S. ten-year
Treasury note. ContE¤ denotes percentage change in volatility when news occur (�k0). TotE¤ denotes the total impact percentage change in

volatility over the window of 40 minutes, calculated as
P3

j0=0
�kj0 and tested for signi�cance using the �2 Wald statistic. Coe¢cients provided

in bold are signi�cant at the 5% level, using heteroscedasticity- and autocorrelation-consistent standard errors. Sample period before crisis:
October 1, 2006 � June 4, 2007. Sample period during crisis: June 5, 2007 � February 20, 2008. Data sources: Bloomberg, Tullett Prebon.
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1. Introduction  

In a paper published in the Journal of Finance in 1986, Fisher Black introduced the concept of 

noise traders and offered a theoretical formulation of how this group of traders affects the 

market.  In turn, the current study tests empirically how noise traders’ activities influence stock 

price dynamics. More specifically, by utilizing a unique dataset from the Australian Stock 

Exchange (ASX), we investigate whether noise trading increases volatility as predicted by 

theoretical models (Black, 1986, DeLong et al., 1990, Campbell and Kyle, 1993 and others).  In 

addition, we examine whether noise traders increase returns.  In line with Black (1986), noise 

traders are defined as non-fundamental traders who either trade on noisy information or simply 

for the sake of trading.  

Classical financial theories are based on the efficient market hypothesis.  These theories assume 

that market participants are rational and hence prices react only to new fundamental information.  

However, over the past couple of decades evidence has relentlessly surfaced putting the 

assumption of investor rationality to question.  The existence of noise traders could potentially 

explain some of the anomalies and puzzles observable in the marketplace, such as positive 

feedback trading (Kurov, 2008), price bubbles (DeLong et al., 1990) and excess volatility 

(Shiller, 1981). 

Investigating the relation between noise trading activity and daily volatility and returns is 

important for the following reasons.  First, studying the effect that noise traders have on stock 

price volatility is important from an academic point of view.  The literature offers inconclusive 

views on this issue.  The first and most accepted of them is that noise trading has a positive effect 

on volatility (Black, 1986; DeLong et al., 1990; Campbell and Kyle, 1993; and others).  

Conversely, consistent with the liquidity and volatility literature is the view that noise traders 
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have a positive effect on liquidity, thus helping to decrease volatility.1  The few empirical studies 

of this interdependence are mixed.  The current study sheds new light on this relation and is the 

first to do so by incorporating a direct proxy of noise trading at daily frequency.   

Second, understanding what impact noise traders have on stock price volatility has economic 

significance, as it allows investors to make more informed portfolio allocation decisions.  Dumas 

et al. (2007) devise a model which shows that increased volatility caused by irrational traders 

who change their expectations too often, can have a negative effect on rational traders’ optimal 

investment strategies.  Understanding whether noise traders affect excess volatility and, if so, 

where their impact is the strongest, will allow investors to construct an optimal portfolio to suit 

their risk – return preferences.  For example, conservative fund managers will prefer to override 

their portfolios with stocks that are less likely to display excess volatility.  If a positive relation 

between noise trading and volatility is observed, such stocks would be those that are less likely 

to attract noise traders.  

Finally, examining the relation between noise trading and volatility and returns is of interest to 

policy makers.  Rose and Jeanne (1999) note that regulatory regimes differ predominantly due to 

the noisiness of the specific markets.  The general preconception is that noise traders contribute 

to excess volatility, with some authors (Summers and Summers, 1989; Shleifer and Summers, 

1990) arguing that policy makers should implement measures that reduce the level of noise 

trading in order to enhance the welfare of the community.  Through a deeper evaluation of the 

                                                            
1  Baker and Stein (2004) and Berkman and Koch (2007) find a positive relationship between liquidity and noise 
trading.  Copeland and Galai (1983), Admati and Pfleiderer (1988), Foster and Viswanathan (1990), Handa and 
Schwartz (1996), and others find negative relation between liquidity and volatility. 
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effect that noise trading has on daily volatility and daily returns, as well as where this relation is 

strongest, this study allows policy makers to target the problem more accurately.     

This paper contributes to the current literature in a number of ways.  First, it examines the 

debated topic of what effect noise traders have on stock price volatility.  More specifically, it 

provides strong support for the theoretical prediction formulated by Black (1986) that noise 

traders increase the level of volatility.  We do so by utilising a daily proxy of noise trading based 

on intra-day information (Berkman and Koch, 2007).  Given that noise traders trade on noisy 

information as opposed to fundamental information, their effect on the market is more likely to 

be observed at shorter time periods.  Other studies which have explicitly explored the relation 

between noise trading and volatility (Verma and Verma, 2007; Kurov, 2008) use a proxy based 

on investors’ sentiment and, therefore, are constrained to longer time horizons (monthly and 

weekly).  By employing a direct proxy for noise trading, we are able to measure the relation 

between noise trading activity and volatility more accurately. 

Second, we test the prediction put forward by DeLong et al. (1990) and Campbell and Kyle 

(1993) that noise traders have a positive effect on returns.  This examination provides insights to 

the question whether the risk, introduced by noise traders in the form of higher volatility, 

translates to higher returns.   The use of daily data enables us to measure the effect that noise 

traders have on returns more accurately than that of prior literature (Lee et al., 2002).    

Third, we also explore how the relation between noise trading activity and volatility differs 

across market capitalisations.  Therefore, it answers the question of whether some firms are 

affected to a greater extent by noise traders than other.  Given that limits to arbitrage differ 

between firm sizes, the study will be important to policy makers.  Understanding how limits to 
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arbitrage affect the relation between noise trading activity and volatility helps authorities in 

devising measures that will curb out any undesirable effects that noise traders have on market 

efficiency.  

We find that in line with the predictions of Black (1986) and DeLong et al. (1990), noise traders 

have a positive effect on daily stock price volatility.  However, contrary to DeLong et al. (1990) 

and Campbell and Kyle (1993), this additional risk introduced by noise traders is not priced in 

the form of higher returns. In other words, noise trading activity does not have a statistically 

significant effect on returns.  We also observe that noise traders have the strongest effect on the 

price volatility of small cap stocks that have the highest limits to arbitrage.  Our results indicate 

that noise traders introduce excess volatility into the market and, therefore, measures should be 

put in place which will curb the influence that this category of investors can have on the market. 

Given that the impact of noise traders is greatest in small cap stocks, which has the highest limit 

to arbitrage, our finding implies that policy makers should look at policies that will reduce limits 

to arbitrage and thus limit the negative effect on the market of noise traders.       

The remainder of this paper is organized as follows.  Section 2 summarizes the relevant literature 

and develops the hypotheses.  Section 3 discusses the data utilized.  Section 4 presents the 

empirical results obtained.  Finally, Section 5 concludes the paper with a summary of major 

findings.  

2. Literature Review 

2.1 Who are Noise Traders? 

Black (1986) describes noise traders as traders who “trad[e] on noise as if it were information”.  

The predominant attribute of noise traders according to Black (1986) is that they trade due to 
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psychological barriers or simply according to their taste for trading.  The definition implies that 

noise traders act on noisy information which is not based on fundamentals.  The idea behind 

noise trading, as put forward by Black (1986), is that noise traders by acting on information that 

is not truly ‘information’ will distort the true price of the underlying asset.  This distortion will 

be interpreted as information by other noise traders, who will act on it, adding further noise to 

the stock price.   

There is nonetheless, an ambiguity as to who exactly is an informed as opposed to a noise trader.  

Based on the ‘stealth trading’ hypothesis, Chakravarty (2001) documents that institutions are the 

informed traders.  Kurov and Sancetta (2005), studying large and small trades in the futures 

market also conclude that retail traders are noise traders, while institutional investors are 

informed traders.  However, Willman et al. (2006) find that institutional investors are not always 

rational and often engage in noise trading activities.  Their paper is based on the survey 

responses of 118 traders in four large investment banks.  The authors find that many institutional 

traders, do not trade rationally.  Some motivations behind trading include boredom, attention 

seeking and to accelerate learning.  Therefore, it is difficult to classify groups of investors as 

either information or noise traders.  According to Black (1986), the distinction between 

information and noise traders will always be ambiguous, given the uncertain nature of financial 

markets.   

2.2 Noise Trading and Volatility     

DeLong et al. (1990) predict that in the presence of noise traders and limits of arbitrage, returns 

will be excessively volatile – meaning that prices move more than can be explained on the basis 

of changes in fundamental value.  This is consistent with the hypothesis put forward by Black 

(1986), that an increase in noise trading will increase short term volatility.  Consistent with the 
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literature (Black, 1986; DeLong et al., 1990), Campbell and Kyle (1993) develop a theoretical 

model of the price formation process, which predicts that noise trading leads to overreaction to 

fundamental information, and hence excessively high volatility.  Danthine and Moresi (1993) 

further argue that more information will mean less volatility as improved information places 

rational agents in a better position to counteract.  However, like the other models, the authors 

hypothesize that in the absence of new information, more noise will increase the level of short 

term volatility. 

A competing body of literature is based on the relation between liquidity and volatility.  Black 

(1986) predicts that noise traders, despite having a negative effect on the price discovery process 

are nonetheless an essential component of the market due to supplying liquidity.  Baker and Stein 

(2004) show that noise traders have a positive effect on liquidity.  In the presence of short sale 

restrictions, they argue that the market will be dominated by irrational traders, who under-react 

to information contained in order flows thus boosting liquidity. 

Although there has been a reasonable amount of research conducted, into the effect that noise 

trading has on liquidity (Berkman and Koch, 2007; Bloomfield et al., 2007) and informational 

efficiency (Bloomfield et al., 2007; Kurov, 2008), the relation between noise trading and daily 

volatility has been relatively sparse.  Koski et al. (2004) was the first to directly tackle this 

question.  Based on a large sample of NASDAQ stocks during the 3rd quarter of 1999 and an 

indirect proxy of noise trading, based on stock message board activity, the authors find evidence 

to support the notion that noise trading increases volatility.  Moreover, Koski et al. (2004) find 

that volatility generates increases in future message board posting even more strongly than 

messages generate future volatility.  
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Foucault et al. (2008) also address the relation between noise trading and volatility. Classifying 

individual traders as noise traders, their paper documents that after a reform that makes short 

selling or buying on margin more expensive for individual investors relative to institutions, the 

volatility of the stocks that are affected by this reform declines relative to the volatility of other 

stocks. This finding suggests a positive relation between noise trading and volatility.  

Contrary to the findings of Koski et al. (2004) and Foucault et al. (2008), Verma and Verma 

(2007) observe a negative relation between noise trading and volatility.  The authors use a 

modified version of the Brown and Cliff (2005) proxy for noise trading in the form of investor 

sentiment.  Verma and Verma (2007) distinguish between rational and irrational sentiments of 

both individuals and institutions.  The authors conclude that individual investor sentiment reacts 

to institutional investor sentiment but not vice versa and that a significant negative relation exists 

between irrational sentiment and volatility.  Building on Brown and Cliff’s (2005) study, Kurov 

(2008) also documents that high investor sentiment has a negative effect on the transitory 

volatility in the futures market.  These findings could be explained by the fact that monthly and 

weekly volatilities were used.  Noise traders can be expected to have the strongest effect in the 

short term, whereas over longer time horizons the liquidity they supply will smooth out any 

effect on volatility.  Therefore, the first hypothesis stated in the alternate form is specified as 

follows: 

      1:  The noise trading activity is positively related to daily volatility. 

2.3 Noise Trading and Returns 

DeLong et al. (1990) in their paper propose that the additional risk that noise traders introduce 

into stock prices is priced in the form of higher returns.  The authors argue that because of the 
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additional risk that noise traders induce, sophisticated but risk averse arbitrageurs will hold lower 

portions of the stock than they would without the presence of noise traders.  Therefore, any 

additional returns will mainly flow to noise traders who, after all, introduce and bare the 

additional risk in the first place.  The authors hypothesize that noise traders will reap the rewards 

of their actions if they are on average bullish, and will suffer losses if they are on average 

bearish. 

Campbell and Kyle (1993), develop a similar theoretical model to explain the price formation 

process after accounting for noise traders.  Consistent with DeLong et al. (1990), the authors 

argue that noise traders are able to move stock prices due to informed investors risk aversion.  

They claim that because noise traders lead to the overreaction of fundamental information, the 

stock price returns will also be greater than the returns explained by fundamental values.  

However, because prices will revert to fundamental values in the long term, any short term 

positive (negative) returns will be accompanied by longer term negative (positive) returns.  

Therefore, if noise traders do affect stock prices, the greatest effect will be on short term returns.      

A number of studies have attempted to test the hypothesis put forward by DeLong et al. (1990) 

and Campbell and Kyle (1993).  Lee et al. (1991) use the fluctuations in closed - end fund 

discounts as a proxy of investor sentiment.  They find a high correlation between the closed end-

fund discounts and returns of small capitalization stocks.  Kelly (1997) on the other hand, uses 

the number of low income households to proxy for noise trader participation in the market.  The 

assumption underlying the proxy is that the probability of an investor being a noise trader 

diminishes with income.  In line with DeLong et al. (1990), Kelly (1997) finds that a higher 

participation of low income households is associated with a lower participation by high income 

households. 
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Using a survey based measure of investor sentiment, Brown and Cliff (2005) find weak short-run 

returns predictability, but find a strong correlation between long horizons sentiment and returns.  

Their results put in question Black’s (1986) and DeLong et al’s. (1990) prediction that the noise 

traders’ effect will be minimal in the long term due to the presence of arbitrageurs who will help 

prices revert to equilibrium levels in the long term.  Lee et al. (2002) use a GARCH framework 

and measures of investor sentiment to proxy for noise trading direction.  In line with DeLong’s et 

al. (1990) prediction, they find a positive relation between sentiment and excess returns.  The 

empirical results in the literature are, hence, very mixed.  Based on the strong theoretical 

expectations, the second hypothesis stated in the alternate form is specified as follows: 

   2:  The noise trading activity is positively related to daily stock returns. 

2.4 Firm Size and Limits to Arbitrage  

Black (1986) was the first to introduce the concept of noise trading in a theoretical framework.  

In his now seminal paper, Black (1986) put forward a generalized model of how noise, defined 

as anything that makes observations imperfect, can distort the price of an asset away from its true 

value.     

Black puts forward the argument later expanded by DeLong et al. (1990) that the price of a stock 

tends to move towards its fundamental value over time, as information traders offset the effect of 

irrational noise traders.  The effectiveness of informed traders or arbitrageurs in ensuring that 

prices revert to fundamental values has been questioned by the limits of arbitrage theory (see 

amongst others DeLong et al., 1990; Shleifer and Summers, 1990; and Shleifer and Vishny, 

1997).  
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DeLong et al. (1990) build further on Black’s general model.  The authors examine assertions by 

Friedman (1953) and Fama (1965) that noise trading does not distort the market price of assets 

over the medium to long term, due to the presence of rational arbitrageurs, who drive prices back 

towards fundamental value.  The authors also develop a model, which shows how risk averse 

arbitrageurs will be hesitant to hold large positions in the presence of the risk that noise traders 

generate and will push prices further away from the fundamental levels (noise trader risk).  The 

noise trader risk according to the authors, significantly reduces the efficiency of arbitrageurs in 

ensuring that prices revert to fundamental values. 

There is a large body of literature which argues that short sale restrictions also play a role in 

limiting arbitrage opportunities.  Authors such as Cornell and Liu (2001), Lamont and Thaler 

(2003), and Schill and Zhou (2001) study the effect that short sale restrictions have on market 

efficiency.  They find that strong demand, coupled with short sale restrictions result in 

irrationally high prices.  There are a number of ways in which short selling may be constrained, 

with the most obvious being, having restrictively high short lending fees.  Short lending fees are 

determined by the supply and demand for the stock in the stock loan market.  Such costs are 

hence more likely to be excessively high for small cap stocks which tend to be less liquid.  

Furthermore, Boehme et al. (2002) argue that stocks with no derivative products will be more 

expensive to short as they do not allow for investors to create positions in the derivative market 

equivalent to short selling.  Once again, such stocks are more likely to be small cap stocks.  This 

view is supported by the empirical study of Jones and Lamont (2002), who find that small stocks 

are generally more expensive to short.  

Mitchell et al. (2002) on the other hand, find that the single most important limit to arbitrage is 

the cost associated with information gathering.  Payoffs from engaging in arbitrage activities are 
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uncertain.  Arbitrageurs therefore, will be unwilling to engage in risky activities when the costs 

associated with information gathering are excessively high.  Given that small firms are generally 

less covered by analysts than large cap stocks (Hong et al., 2000), it can be assumed that the 

costs associated with acquiring information on fundamental values will be larger for small cap 

stocks.  Once again, it would appear that limits to arbitrage caused by information gathering 

costs will be strongest for small cap stocks.  Therefore, the third hypothesis stated in the alternate 

form can be specified as follows: 

 3:  The correlation between noise trading activity and daily volatility (returns) is 

stronger for small cap stocks in comparison to large cap stocks. 

  

3. Data and Methodology 

IRESS data are utilized for this study.2 The data provide information on all intraday transactions: 

date and time to the nearest second, transaction price, trading volume, buy/sell direction as well 

as the name of the buying and selling brokers involved in the transaction.  This dataset allows for 

the calculation of the measure of noise trading suggested by Berkman and Koch (2007).  Stock 

price data and market capitalization for the entire set of shares listed on the ASX is obtained for 

the period between the start of March 2006 and the end of February 2008.  For any stock, a day 

is treated as a ‘trading day’ if there are at least four distinct brokers who initiate trades during 

that trading session (Berkman and Koch, 2007).  In line with Berkman and Koch (2007), to 

account for thin trading and trading halts, stocks which were not traded for at least 80 percent of 

time during the sample period are taken out of the sample.  Furthermore, preference shares and 
                                                            
2  IRESS is a data provider for a broad range of financial markets professionals across Australia, New Zealand and 
Canada.  
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unit trusts will be excluded from the sample.  After filtering, the sample comprises of 317 stocks.  

The average number of trading days for each stock under investigation during the sample period 

is 480.    

Calculating Measure of Noise Trading  

Consistent with Berkman and Koch (2007) the standardized dispersion of net initiated order 

flows across brokers (NIOF) proxies for the level of noise trading.  This proxy of noise is based 

on the assumption that noise traders trade randomly, and hence an increase in the trading activity 

of noise traders translates into a greater dispersion in net initiated order flows across brokers.  

NIOF is standardized by broker market share to account for the fact that brokers with greater 

market share will have higher NIOF’s.  It is assumed that market share can be measured by each 

broker’s standard deviation in NIOF over the sample period, where larger brokers have a greater 

standard deviation than smaller brokers.     

To ensure the results are robust a number of alternate standardization procedures are utilized.  

The first measure accounts for differences in each broker’s market share by dividing each 

broker’s daily NIOF for a particular firm by that broker’s standard deviation in the NIOF for that 

firm over the sample period.  The daily noise trading activity is then calculated as the standard 

deviation of all brokers daily standardized NIOF. 

The second measure uses a different standardization procedure.  As for the first measure it is 

assumed that NIOF is influenced by each broker’s market share.  However, for the second 

measure, it is assumed that the market share should be calculated as the brokers total market 

share for all stocks, as opposed to the market share for a particular stock.  Therefore, each 
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broker’s daily NIOF for a particular firm is divided by the standard deviation in that broker’s 

daily NIOF across all firms over the sample period. 

Finally, it is possible that the presence of small brokers that do not initiate many transactions 

over the sample period will distort the results.  This is because such small brokers will display 

abnormally low standard deviations and hence excessive large standardized NIOF’s.  To deal 

with this potential problem of outliers, small brokers, defined as those that initiated transactions 

on less that 30 days over the sample period, are grouped together.  These grouped brokers are 

treated as one large broker.  The average number of small brokers in our sample is 4.       

4.  Empirical Results 

4.1 Descriptive Statistics 

Table I provides descriptive statistics on daily returns, daily volatility as well as daily noise 

trading measures.  Panel A, of Table I reports daily returns and liquidity summary statistics.  The 

panel shows that average daily returns for sample stocks over the sample period are negative.  

This finding is unsurprising given that the sample period is between March 2006 and February 

2008, a period when the adverse effects of the subprime crisis together with rising crude oil 

prices began to kick in.  The time series of daily returns appears to be non – normal, leptokurtic 

and serially correlated.  This can be seen from a skewness measure greater than 0, and kurtosis 

greater than 3.  Panel A, of Table I also reports limited evidence of serial correlation in returns, 

with the Ljung-Box Q-statistic rejecting the null hypothesis of no autocorrelation in 26% of the 

cases at the 5% significance level.   
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The large variability in price and liquidity measures reported in Panel A, of Table I, is indicative 

of the fact that a very wide cross section of firms is utilized in this study, ranging from small cap 

stocks, through medium cap firms up to the large cap firms.    

Panel B provides the descriptive statistics for different estimates of volatility employed in this 

study – both conditional and unconditional.  The summary statistics in Panel B show that the 

distribution of the volatility proxies departs from the normal distribution.  The results in Panel B 

also indicate strong serial correlation for all daily volatility measures.  This conclusion is based 

on the Ljung– Box Q-statistic, which tests the null of no autocorrelation of variable X up to lag k.  

Serial correlation in daily volatility exists as the Ljung Box Q-statistic rejects the null hypothesis 

of no autocorrelation up to lag twelve and twenty four, for over 90% of the sample stocks at the 

5% significance level.  The weakest evidence of autocorrelation exists for the daily squared 

returns measure, where in only 68% and 79% of stocks the null hypothesis is rejected at lag 12 

and 24, respectively.   

Panel B, of Table I justifies the use of alternate measures of volatility employed in this paper, as 

the different estimates yield considerably different variance measures.  An examination of 

median levels of volatility, reveals that conditional measures tend to be overstated compared 

with unconditional measures.  The GARCH (1,1) model predicts the highest level of volatility, 

while the daily squared returns the lowest.  Given the general inefficiency of daily squared 

returns as a measure of volatility this is to be expected (Martens and van Dijk, 2006).     

Panel C reports the alternate measures of noise trading employed in this paper.  A study of the 

table reveals that all measures of noise are non – normally distributed.  The measures are not 

affected greatly by grouping smaller brokers together.  Measure 1 (standardization scheme based 
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on dispersion in NIOF over time for individual firms) after grouping smaller brokers together 

appears to be the best, as it is closest to following a normal distribution.  This measure is 

primarily used in this paper.   

Panel D reports the daily returns, daily volatility, noise trading and liquidity measures across the 

three firm size subsamples.  The percentile classification scheme is used to classify firms into 

subgroups, where the top 25 percentile of the sample is regarded to be large cap stocks, and the 

bottom 25 percentile classified as small cap stocks.  Panel D reveals that for all firm size 

segments, the daily returns are on average negative.  The small firm subsample however, 

displays the most negative average daily returns.  Similarly, for all volatility measures with the 

exception of GARCH(1,1), small firms display higher daily volatility than medium and large 

firms over the sample period.  Volatility tends to be lowest for large cap stocks.  This is in line 

with Berkman and Koch (2007), who find that price sensitivity is greatest for less liquid stocks, 

which can be expected to be the smaller stocks.   

The summary statistics provided in Panel D, of Table I show that noise trading is most prevalent 

for the large cap sample, slightly smaller for the medium cap sample and lowest for the small cap 

sample.  This can be explained by large firm visibility.  Noise traders are most likely to 

concentrate their trades on the more visible firms.  This is because such firms are better known to 

this unsophisticated group of investors. Furthermore, a greater analyst following amongst the 

large firms leads to the existence of more noisy information.  In line with expectations, small 

firms are found to have lower liquidities than large cap firms, evidenced by lower daily trading 

volumes and lower number of transactions.     

[Insert Table I here] 
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4.2 Noise Trading and Volatility 

Given the evidence of kurtosis in returns reported in the previous subsection, the GARCH (1,1) 

methodology has been incorporated in this study.  This choice is justified given that GARCH 

type models are better able to deal with the characteristics of stock price dynamics, such as 

leptokurtic returns, volatility clustering, and serial correlation (Bollerslev et al., 1992).  The 

following model specification is used to test the relation between noise trading and volatility: 

 , where  ε |Ω ~i. i. d. 0, σ  

σ σ NOISE  SPREAD VOL ,                    (1)                        

In Equation (1), ω is a constant; NOISE  is the measure of noise trading on day t;  SPREAD  is 

the previous days bid – ask spread; and VOL is the previous day’s trading volume and σ  is the 

conditional variance of the error term process ε , which follows a student t - distribution.  Daily 

spread is based on the best quotes in the limit order book, and is calculated as the simple average 

of the difference in bid and ask prices across all intraday observations, where a change in the best 

quotes in the book was reported.  Trading volume is the sum of buyer-initiated plus seller-

initiated trades on a particular day.  The variable of interest in Equation (1) is , which measures 

the relation between noise trading and volatility.  A positive  indicates that noise traders 

increase the level of daily volatility, and vice versa.   

Table II provides the regression results for the specification in Equation 1.  As can be seen from 

the table, the average  coefficients are positive for all volatility specifications.  This indicates a 

prima facie positive relation between noise trading activity and daily volatility.  A closer look at 

the significance levels confirms this observation. The  coefficients are positive and significant 

in 73% of the cases at the 10% significance level, and 68% even at the 5% significance level.  
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The results hence provide strong support for both Black’s (1986) and DeLong’s et al. (1990) 

predictions that noise trading will increase the level of volatility. 

The regression results summarized in Table II appear to be well specified.  The regression 

residuals show very little evidence of autocorrelation in the residuals as measures by the Ljung – 

Box portmanteau test for serial correlation in the squared residuals with 12 and 24 lags3.       

[Insert Table II here] 

4.3 Noise Trading and Returns 

Having established that noise traders increase the level of daily volatility, it is important to see 

whether noise traders also have a positive effect on daily returns.  DeLong et al. (1990) and 

Campbell and Kyle (1993) predict that the additional risk that noise traders introduce into stock 

prices, is priced in the form of higher returns.  We test the relation between noise trading activity 

and returns using the following specification: 

,            2     

where the r  is the daily return for day t, calculated as the log difference of closing and opening 

prices;  r  is the lagged return up to lag 44;  is a day of the week dummy;  is a monthly 

dummy; VOL  is the lagged trading volume.  The variable of interest is  which reports the 

relation between noise trading and returns.  A positive  indicates that noise traders increase 

daily returns, and vice versa.  Table 3, presents the regression results from Equation (2). 
                                                            
3  OLS regression results were also obtained, which incorporated alternate unconditional measures of volatility 
(daily squared returns, Parkinson’s (1980) daily range, and Garman and Klass (1980) daily range).  The results 
obtained from these OLS regressions are even stronger than for the GARCH specification.  Results can be provided 
on request. 

4   The number of lags is chosen based on the BIC criteria.   
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Table III reports the average noise coefficient, together with the percentage of significant 

positive, and negative coefficients.  The average noise coefficient is 0.16, which indicates that 

noise trading activity has a prima facie weak positive effect of daily stock price returns.  

However, only 16% (9%) of the regression coefficients are positive and significant at the 5% 

(1%) significance levels.  Even at the 10% significance level, only for 24% of the stocks is the 

noise trading coefficient positive and significant.  This indicates that contrary to the predictions 

of theoretical models, noise trading activity does not increase daily returns.  The model appears 

to be well specified, not displaying any evidence of autocorrelation in the residuals - only in 6% 

of the cases the null hypothesis of no autocorrelation is rejected at the 5% significance level.   

[Insert Table III here] 

The results obtained in this section indicate that noise trading activity does not affect the level of 

daily returns.  This result is contrary to the predictions of theoretical models found in the 

literature.  Coupled with the results obtained in the previous subsection, it can be concluded that 

noise traders introduce excess volatility into the market.  This is because noise traders increase 

the level of stock price volatility, while at the same time not increasing the level of daily returns.  

These results indicate that noise traders have an undesirable effect on the market.  Policy makers 

should introduce measures that will reduce the effect that noise traders have on stock price 

dynamics.  The next subsection sheds some light on what factors underlying the stock, help 

reduce the impact that noise traders have. 

4.4 Firm Size and Noise Trading 

In this subsection, the relation of noise trading activity with daily volatility, and returns is tested 

across different firm size subsamples.  Table IV provides noise coefficients obtained from the 

GARCH (1,1) model specification, after segregating according to firm size.  The firms are 

1492



19 
 

classified according to market cap percentile.  The top 25 percentile of the sample is classified as 

large cap firms, the bottom 25 percentile as small cap firms, and anything in between as medium 

sized firm. 

Table IV shows that average noise coefficients are weakest for the large cap firms, slightly 

stronger for the medium cap stocks and strongest for the small cap firms.  This is in line with the 

limits to arbitrage theory, as small firms have the most short sale restrictions, few derivative 

products, and lowest analyst following.   

  In addition, small firms also display lower percentages of positive and significant noise 

coefficients than corresponding large firms.  This is despite the fact that small firms have a 

considerably higher average noise coefficient.  A possible explanation of this paradox could lie 

in the visibility of stocks.  Large cap stocks are more visible in the market than small cap stocks, 

and thus will be targeted to a larger extent by noise traders.  However, because these visible 

firms can be expected to have low limits to arbitrage in the form of low short sale restrictions and 

high analyst following, this will translate into high number of arbitrageurs acting to offset the 

effect of noise traders.  The resulting effect will be that although noise traders have some effect 

on more large cap stocks, their effect will be relatively weak.  On the other hand given that small 

cap stocks are less visible, it can be expected that noise traders will ignore more of the small 

stocks altogether, thus having no effect on daily volatility.  However, due to the limits to 

arbitrage, the stocks that noise traders do not ignore will be affected to a much larger extent than 

large or medium cap stocks. 

[Insert Table IV here] 
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Table V reports the noise coefficient estimates measuring the relation between noise trading 

activity and daily returns from the OLS regression in Equation (2), after segregating according to 

firm size.   

 Consistent with the results presented in Table IV, the noise trading coefficients are considerably 

stronger for small cap stocks than medium or large cap firms.  This can be seen from the 

substantially higher average noise coefficient and percentage of positive and significant 

coefficients.  The average noise coefficient is highest for the small cap stocks together with the 

highest percentage of positive and significant coefficients.  The medium cap stocks, which are 

defined as those between the top and the bottom 25 percentile have a significantly higher average 

noise coefficient than the large cap stocks.  Most medium cap stocks classified by market cap 

percentile are outside the S&P/ASX 100 index.  Therefore, it can be concluded that noise traders 

have the strongest positive effect on daily returns for firms outside the S&P/ASX 100 index. 

[Insert Table V here] 

The results obtained in Tables IV and V show that noise traders have an effect on the daily 

volatility and returns of stocks for all firm size subsamples, although this effect is greatest for the 

small cap firms.  At the same time, the results also indicate that noise traders have a relatively 

weak effect on daily stock price returns – although the effect is strongest for firms outside the 

S&P/ASX 100 index.  These results suggest, that contrary to the predictions of theoretical 

models such as DeLong et al. (1990) and Campbell and Kyle (1993), noise trader risk is not 

priced into stock price returns.  The results further indicate that limits to arbitrage play an 

important role in market efficiency.  Where such limits are the strongest, noise traders have the 

strongest effect on daily volatility, but nonetheless a weak effect on daily returns.  The resulting 

conclusion that can be drawn is that measures attempting to reduce the negative effects that noise 
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traders exert on the market should revolve around reducing the limits to arbitrage on smaller 

stocks.        

4.4 Robustness Checks 

Given that volatility is such a latent and unobservable concept, for robustness we used alternate 

measures of volatility.  Specifically we incorporated the noise trading measure, together with the 

two liquidity control variables to the EGARCH and CGARCH equations.  Also unconditional 

variance estimates were utilized, and the relation between noise trading and those measures was 

tested in an OLS framework.  The results for these alternate models were very similar to those 

obtained in the GARCH model specification discussed in subsection 4.2.  The regression results 

for the OLS model specification were even stronger than those reported in subsection 4.2.  

Furthermore, the relation between noise trading activity with returns was also tested by adding 

the noise trading measure to the mean equation of the GARCH model.  Once again the results 

obtained were virtually identical to those reported in the previous section.  Finally, we also tested 

the relation between noise trading activity with volatility and returns jointly in a GARCH (1,1) 

framework.  This was done by adding the noise trading measure to both the mean equation and 

the variance equation.  The benefit of performing such a joint test is that it shows the 

simultaneous effect that noise trading activity has on both volatility and returns.  The results 

obtained from this joint test are in line with the results reported in the previous two subsections – 

noise trading activity has a positive effect on volatility and little effect on returns. 
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Alternate measures of noise trading, discussed in Section 3 were also incorporated to see whether 

the results are sensitive to alternate methodologies of accounting for differences in market share.  

For all alternate measures of noise trading, the results are virtually the same as those discussed in 

the previous two subsections5. 

       5. Conclusion  

The main objective of this paper was to examine empirically the theoretical prediction by Black 

(1986) and DeLong et al. (1990) that noise traders have a positive effect on daily volatility and 

that any additional risk which noise traders introduce is priced in the form of higher daily 

returns.  Investigating a wide cross section of firms, listed on the ASX between 1st March 2006 

and 29th February 2008, we provide empirical evidence of the correlation between noise traders’ 

activities and price volatility using a direct proxy of noise trading. To best of our knowledge this 

is the first study to apply high frequency data and an efficient measure of noise trading while 

investigating the impact of the noise traders on market volatility and returns.  Utilizing 

conditional and unconditional measures of volatility and returns, we find strong support for the 

notion that noise traders have a positive effect on volatility.  However, we document weak 

evidence supporting the hypothesis that the additional risk in the form of increased stock price 

volatility is priced through increased daily returns.  Our analysis shows that noise traders rarely 

have any statistically significant effect on stock price returns, and, when they do, the effect is 

relatively small.     

We further examines within what subgroup of firms noise traders exert the strongest influence on 

stock prices.  The results indicate that noise traders have a much stronger positive influence on 

the daily volatility of small cap firms compared with that of large cap stocks.  Furthermore, noise 
                                                            
5  Results discussed in this subsection are available on request. 
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traders also have a stronger positive effect on the daily returns of small firms compared with 

large stocks.  However, their effect is considerably weaker on returns than on the volatility even 

for the smallest firms.  We find that firms outside the S&P/ASX 100 index, which have 

considerably greater limits to arbitrage, are affected most by the activity of noise traders.   

Our results provide strong support for the notion that noise traders have an undesirable effect on 

stock prices, and measures should be put in place to reduce this negative influence on market 

efficiency.  By increasing daily volatility they introduce additional noisiness into stock prices 

and, therefore, distort the price discovery process, which is a pivotal characteristic of an efficient 

market.  Shleifer and Summers (1990) note that higher transaction taxes should be introduced, 

which would discourage noise traders from excessive trading.  Such suggestions however, ignore 

the fact that noise traders are suppliers of liquidity (Berkman and Koch, 2007), which is also an 

essential component of market efficiency.  Bloomfield et al. (2008) show that transaction taxes 

are not an effective way of enhancing market efficiency.  Furthermore, the distinction between 

noise traders and informed traders is ambiguous, since it is often difficult to separate with 

certainty what constitutes noisy information and what constitutes fundamental information.   

The results in this study indicate that measures enhancing market efficiency do not need to focus 

on targeting noise traders as such.  The problem rather lies with limits to arbitrage, which allow 

noise traders to have a negative effect on market efficiency.  Rather than introducing transaction 

taxes, we propose that policy makers ought to work on measures that will reduce the limits to 

arbitrage for the medium and small firms. 
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Table I 
Descriptive Statistics  

This table provides descriptive statistics of daily data from 1st March 2006 through 29th February 2008, across 317 stocks on the ASX.  
All statistics are calculated across all stocks and days.  There is an average of 480 daily observations for each stock in the sample.  
Panel A provides descriptive statistics for daily returns and liquidity measures across the sample stocks.  Daily returns are calculated 
as the log difference of stock closing and opening prices.  The price is the average closing price for the sample stocks.  The daily 
spread is based on the best quotes in the limit order book and is calculated as the average of the difference between the bid and ask 
quotes across all intraday observations, where a change in the best quotes in the book was reported.  The trading volume and number 
of transactions are the total number of shares traded and the total number of transactions on a particular day, respectively. Panel B 
provides descriptive statistics for various measures of daily unconditional and conditional volatility across sample stocks: Daily 
Squared Returns, Daily Range, Garman and Klass (1980) Adjusted Daily Range, GARCH, EGARCH and CGARCH.  The CGARCH 
model is estimated and the temporary and permanent components are reported. Panel C provides descriptive statistics of the four 
alternative measures of daily noise trading activity across the sample stocks. Measure 1 refers to a standardization scheme, whereby 
each broker’s daily net initiated order flow for each firm is standardized by that broker’s standard deviation in daily net initiated order 
flow for each firm over the sample period.  Measure 2 refers to a standardization scheme, whereby each brokers daily net initiated 
order flow for each firm is standardized by that broker’s standard deviation in daily net initiated order flow across all firms over the 
sample period.  Grouped measures of noise trading refer to grouping the brokers that initiate on less than 30 separate days together, 
thus forming one bigger broker.  Panel D provides descriptive statistics for returns, unconditional and conditional volatility measures, 
classified by firm size.  Panel E provides descriptive statistics for noise trading and liquidity measures, classified by firm size. In Panel 
D and E, the percentile classification scheme is used.  This classification scheme assumes that large cap firms are the firms that 
constitute the top 25 percentile by market cap.  Small firms are regarded as those that constitute the bottom 25 percentile by market 
cap, with anything in between regarded as medium sized firms. The table also reports the Ljung – Box statistics for autocorrelation in 
returns and volatility. Q(12) and Q(24) is the average Ljung – Box statistic for the 12th and 24th order respectively. The Q(12) and 
Q(24) columns report the percentage of cases in which the null hypothesis of no-autocorrelation is rejected at the 5% significance 
level. The reported returns and volatility measures are multiplied by 100.   
 

Panel A: Returns and Liquidity Measures 
 

Mean Median Maximum Minimum Skewness  Kurtosis Q(12) Q(24)
Returns  ‐0.09 ‐0.07 0.42 ‐0.68 ‐0.10 9.35 26% 29%
Price ($) 7.15 7.01 152.50 0.03 0.02 2.60
Spread (%) 0.02 0.02 0.96 0.00 1.59 11.89
Trading Volume ('000) 1229 952 258,000 0.568 3.77 33.56
Number of Transactions 507 428 25,796 4 2.18 14.17  
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Panel B: Daily Volatility 
 

Mean Median Maximum Minimum Skewness  Kurtosis Q(12) Q(24)
Daily Squared Returns 0.05 0.01 0.47 0.00 7.12 82.32 68% 79%
Daily Range 0.06 0.02 12.78 0.00 6.48 71.06 96% 96%
Garman ‐ Klass Daily Range 0.06 0.02 17.71 0.00 6.65 74.31 96% 95%
GARCH 0.17 0.11 4.45 0.00 3.75 31.31 97% 97%
EGARCH 53.81 0.05 71160 0.00 5.99 74.92 94% 94%
CGARCH: Temporary 0.06 0.04 0.19 0.00 4.33 39.68 99% 98%
CGARCH: Permanent 0.06 0.05 0.08 0.00 3.01 25.58 98% 98%  

Panel C: Noise Trading Measures 
 

Mean Median Maximum Minimum Skewness  Kurtosis Q(12) Q(24)
Measure 1: All Brokers 0.83 0.70 677.53 0.01 2.43 18.53 89% 88%
Measure 2: All Brokers 0.36 0.29 27.23 0.00 4.07 35.74 87% 85%
Measure 1: Grouped Brokers 0.80 0.68 7.75 0.00 1.86 9.12 92% 91%
Measure 2: Grouped Brokers 0.36 0.28 27.06 0.00 4.15 36.69 89% 86%  

 
Panel D: Returns and Volatility by Firm Size 

   

                      Large Cap Firms                  Medium Cap Firms                   Small Cap Firms
Median Maximum Minimum Median Maximum Minimum Median Maximum Minimum

Returns  ‐0.07 0.23 ‐0.68 ‐0.06 0.32 ‐0.35 ‐0.10 0.42 ‐0.68
Daily Sqaured Returns 0.01 0.46 0.00 0.01 0.13 0.00 0.02 0.47 0.00
Daily Range 0.01 12.78 0.00 0.02 0.21 0.00 0.03 0.17 0.00
Garman ‐ Klass Adjusted Range 0.02 17.71 0.00 0.02 0.29 0.00 0.03 0.18 0.00
GARCH 0.02 0.14 0.00 0.18 4.45 0.00 0.07 0.10 0.00
EGARCH 0.02 0.52 0.00 0.04 0.28 0.00 0.08 0.79 0.00
CGARCH: Temporary 0.02 0.19 0.00 0.04 0.04 0.00 0.07 0.10 0.00
CGARCH: Permanent 0.02 0.06 0.00 0.04 0.05 0.00 0.08 0.08 0.00  
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Panel E: Noise Trading and Liquidity by Firm Size 
   

                      Large Cap Firms                  Medium Cap Firms                   Small Cap Firms
Median Maximum Minimum Median Maximum Minimum Median Maximum Minimum

Noise 0.77 24.86 0.02 0.73 6.32 0.04 0.67 677.53 0.01
Spread 0.02 0.36 0.00 0.01 0.96 0.00 0.02 0.67 0.00
Trading Volume ('000) 1,528 258,000 2 629 144,000 1 271 258,000 1
Number of Transactions 1,230 25,796 7 443 21,560 4 177 21,560 4
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Table II 
Noise Trading Activity and Volatility 

This table presents results obtained when testing for the relation between noise trading activity and volatility for a sample of 317 
stocks on the ASX, from 1st March 2006 to 29th February 2008.  The results are obtained from estimating the following GARCH(1,1) 
model: 

r µ  ε ,                                            ε |Ω ~i. i. d 0, σ  

σ ω α βσ θNOISE φSPREAD VOL   

where r is the stock price return for day t; NOISE  is the measure of noise trading activity on day t; SPREAD  is the previous day’s 
average spread; VOL   is the previous day’s trading volume; ω is a constant term and σ  is the conditional variance of the error term 
process ε , which follows a student t-distribution.  The results are obtained using the Marquardt iterative algorithm.  Only the 
coefficient of interest is reported (θ), which measures the relation between noise trading activity and daily volatility.  The reported 
coefficient is the average of θ across 317 stocks, multiplied by 1000.  The percentage of significant positive and negative coefficients 
is reported at 1%, 5% and 10% significance levels respectively.  
Q (12) and Q (24) is the Ljung – Box portmanteau test for serial correlation in the squared residuals with 12 and 24 lags respectively.  
The average coefficient is reported, together with the percentage of cases in which the null hypothesis of no serial correlation is 
rejected at the 1%, 5% and 10% significance levels respectively.   
 

              α = 0.01               α = 0.05               α = 0.10
Coefficient Positive  Negative Positive Negative Positive Negative

θ 0.21 57% 0% 68% 4% 73% 5%

Q²(12) 13.53 9% 16% 19%
Q²(24) 27.15 12% 17% 22%
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Table III  
Noise Trading Activity and Returns 

This table presents results obtained when testing for the relation between noise trading activity and daily returns for a sample of 317 
stocks on the ASX, from 1st March 2006 to 29th February 2008.  The results are obtained from estimating the following OLS 
regression: 

      

where the  is the daily return for day t, calculated as the log difference of closing and opening prices;   is the lagged return up to 
lag 4;  is a day of the week dummy;  is a monthly dummy;  is the lagged trading volume.  Only the coefficient of interest 
( ) is reported, together with the percentage of significant positive and negative coefficients.  The reported coefficient is the average 
of  across 317 stocks, multiplied by 100.    

(12) is the average Ljung – Box portmanteau test for serial correlation in the squared residuals with 12 lags.  The table provides the 
percentage of cases in which the null hypothesis of no – serial correlation is rejected at the 1%, 5% and 10% significance levels, 
respectively.  The regression Adjusted  is also reported.  
  

            α = 0.01             α = 0.05             α = 0.10
Coefficient  Positive  Negative Positive Negative Positive Negative

β 0.16 9% 3% 16% 5% 24% 7%

Q²(12) 10.71 3% 6% 8%
Adjusted R² 6%
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Table IV 
Noise Trading Activity and Volatility by Firm Size 

This table presents the relation between noise trading activity and daily volatility, across three different firm size segments, for a 
sample of 317 stocks on the ASX, from 1st March 2006 to 29th February 2008.  The results are based on the percentile classification 
scheme.  The classification scheme assumes that large cap firms are the firms that constitute the top 25 percentile by market cap.  
Small firms are regarded as those that constitute the bottom 25 percentile by market cap, with anything in between regarded as 
medium sized firms.  The regression results are based on the GARCH (1,1) conditional variance model results, reported in Table II.  
Only the average coefficient of interest multiplied by 1000 is reported ( ), together with the percentage of significant positive and 
negative coefficients at the 1%, 5% and 10% confidence interval. 
 

                 α = 0.01                    α = 0.05                   α = 0.10
Noise Coeff. Positive  Negative Positive Negative Positive Negative

Large Firm 0.10 56% 0% 77% 0% 84% 1%
Medium Firms 0.19 54% 3% 63% 4% 67% 5%
Small Firms 0.37 64% 4% 69% 7% 73% 8%  
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Table V 
Noise Trading Activity and Returns by Firm Size 

This table presents the relation between noise trading activity and daily returns, across three different firm size segments, for a sample 
of 317 stocks on the ASX, from 1st March 2006 to 29th February 2008.  The results are based on the percentile classification scheme.  
The classification scheme assumes that large cap firms are the firms that constitute the top 25 percentile by market cap.  Small firms 
are regarded as those that constitute the bottom 25 percentile by market cap, with anything in between regarded as medium sized 
firms.  The regression results are based on the OLS regression presented in Table III.  Only the average coefficient of interest is 
reported θ, together with the percentage of significant positive and negative coefficients at the 1%, 5% and 10% confidence interval.  
 

            α = 0.01                   α = 0.05                   α = 0.10
Noise Coeff. Positive  Negative Positive Negative Positive Negative

Large Firm 0.81 4% 0% 12% 4% 16% 5%
Medium Firms 1.57 12% 3% 20% 6% 27% 9%
Small Firms 1.91 14% 1% 22% 5% 29% 5%
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Credit Rating Agencies’ Function on Bond Markets: 

Price Stability Vs Information Transmission  
  

 
 
 
 
The relation that may exist between rating announcements and bond spreads is unclear.  Many 

event studies have been dedicated to that problem. Norden and Weber (2004 – p. 2816-2817) 

give a synthesis of these studies. It appears that upgradings have little effect on bond prices, 

while downgradings may correspond to a change in bond spreads; but, in many cases, the 

change in bond spreads is prior to the downgrading. Such results cast doubts on the utility and 

the function of credit rating agencies on bond markets, which usually are supposed to transmit 

information about issuer default risks. 

 Theoretical analyses of the credit rating agencies’ role are not numerous.  Boot, 

Milbourn and Schmeits (2006) propose an interesting study about their function.  They 

suggest their role is to provide a “focal point” to investors, which allows an equalization of 

investor information and a coordination of their expectations.  Moreover, they put forward the 

idea that credit rating agencies play an important role in monitoring issuing firms through 

their credit watch procedure.  That is the reason why they expect an inscription on a watch list 

to be the most informative action of an agency.  However, this analysis is carried out without 

taking into account the moral hazard problem which is inherent to the rating activity, since the 

clients of the agencies are simultaneously the rated firms. 

This paper aims to re-examine the function of credit rating agencies on bond markets.  

The first part of the paper presents the model while the second part is dedicated to an 

empirical study.    

 
 
 
 

I. A Model of CRA Credibility and Announcement Strategy 

 

We consider a financial market where several credit rating agencies operate.  Two types of 

investors buy bonds: informed investors who are able to evaluate the risks of default by debt 

issuers, and uninformed investors who formulate their own expectations on the basis of the 
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bond credit ratings and bond prices.  If enough informed investors, trading a particular 

security, are present in the market, observed prices will reflect the effective default probability 

of issuer.  Otherwise, it is hazardous to deduce default probability from the observation of 

bond prices. 

Issuers are characterized by their level of default risk, which may be weak for “good 

issuers” or high for “bad issuers”.  “Good” or “bad” qualities are known to the issuers as well 

as to informed investors.   In contrast, they are not known to uninformed investors, but may 

be discovered by the rating agency, at a cost covering their investigation. 

Uninformed investors receive information from two sources: 

- the credit-rating agency. 

- the financial market, which may reflect the views of informed investors, provided bond 

markets are liquid; 

The rating agency thus provides a service to uninformed investors: 

- either the supply of information relating to the default risk of an issuer; 

- or, if a spread modification can be observed, the confirmation (or refutation) that the 

observed spread modification matches with a change in the issuer default risk1. 

 The investigation effort of the agency, as well as the reliability of its ratings, depends 

on the kind of issues the agency rates.  We use the superscript A to indicate a homogenous set 

of issues.  The reliability of the agency with respect to A issues, CA, may reach a 

maximumCA: at this level of reliability, uninformed investors have absolute confidence in 

the evaluations of the agency.  cA
i is the a priori probability in period i that the rating agency 

reliability, according to uninformed investors, is equal to its maximum valueCA, for A 

issues. 

It is assumed that the agency can choose between three ways of communicating 

revisions in its ratings: 

- by establishing a rating rapidly and disseminating it to the financial market before any other 

rating agency or informed investors (via bond prices) communicate their own views of risk to 

the market; 

- by establishing a rating once price changes or any other rating agency announcement have 

occurred; in case of several ratings, the agency has to choose between to give the same rating 

as the first one, or another rating; 

                                                 
1 This function of credit rating agencies is sometimes put forward by agencies which argue that if they are slow 
to react to changes in an issuer default risk that is because they wish to avoid frequent reversals of credit ratings 
(cf Löffler, 2002). 
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- by giving a warning to the financial markets prior to changing the rating (inclusion of the 

issue on a watchlist) and hence try to anticipate any change in spreads or any announcement 

by another agency.   

Communicating a rating action to the market by the agency (the publication of an 

initial rating, a change in rating, the inclusion on a watchlist, or any other event) may lead to 

the following reactions:  

- no change in spreads, if the event is judged as being uninformative or if the credibility 

of the agency is low; 

- a change in spreads prior to the rating action communication, if the latter is late and 

expected by informed investors; 

- a change in spreads after the communication, if it is rapid. 

The strategy of the agency is twofold: the agency has to choose its investigation effort, 

and the way of communicating revisions in its ratings.  The following will be studied: 

- the ways credibility vis-à-vis uninformed investors is acquired; 

- the utility of ratings for informed investors; 

- the demand for ratings from the issuers; 

- the agency’s strategy. 

 

A – The ways to acquire credibility vis-à-vis uninformed investors 

1- The acquisition of credibility in the case of a communication of rating revisions prior to 

any other information transmission 

In this case, the agency’s function on bond markets is the transmission of information to 

uninformed investors. 

Let cA
0 be the agency’s initial credibility, which is the probability of the agency to 

benefit from uninformed investors’ absolute confidence.  When this parameter is lower than 

one, uninformed investors estimate the probability of an exact valuation of the default risk to 

be equal to eA. 

Uninformed investors observe spreads on the financial market in order to deduce the 

default risk of the issuer.  This observation is noisy: default probability cannot always be 

deduced from the observation of spreads. Let λ be the probability, according to uninformed 

investors, that the observed spreads allow a reliable deduction of default probability. 

Parameter λ is common knowledge of the whole financial market, but rating agencies and 

informed investors know perfectly well what the meaning of any spread modification is. 
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For uninformed investors, at time 0, the a priori probability that the rating is wrong is 

equal to the probability of an incorrect evaluation, given that the agency is not absolutely 

reliable, that is: 

 (1 - cA
0) (1 – eA) 

And the probability that the credit rating is not wrong is: 

1 - (1 - cA0) (1 – eA) 

In period 1, if the issuer has not yet defaulted, the credibility of the agency is: 

cA
1  =  p ( CA =CA |  the credit rating is not wrong ) 

and using Bayes’relationship: 

cA
1  =  cA

0  /  [1 - (1 - cA0) (1 – eA)] 

In period i, if the issuer has not yet defaulted, the credibility of the agency is: 

 (1)    cAi  =  cA
0  /  [1 - (1 - cA0) (1 – (eA) i)] 

The credibility cA
i evolves between an initial value of cA

0 and a limit value equal to 1. 

 

2 – The acquisition of credibility in the case of a communication of a rating revision after a 

change in the spreads 

In this case, the function of the agency is not to provide the markets with information, but to 

certify, for uninformed investors, that movements in spreads are significant and reflect 

changes in default risks.  Rating agencies help uninformed investors to select, among all 

spread changes, the ones which are significant: the volatility of spreads, in this case, contrasts 

with the constancy of the ratings.  

 When a spread change is significant, we assume that the agency rating revision is 

consistent with this spread change. 

 According to uninformed investors, a spread change is significant with a 

probability λ.  In such a case, the credit rating is consistent with the spread change and is not 

wrong. When the spread change is not significant (which occurs with a probability (1 – λ)), 

the probability that the rating is wrong is equal to the probability of an incorrect evaluation, 

given that the agency is not absolutely reliable.  Hence, the probability, according to 

uninformed investors, that the rating is wrong: 

(1 - λ) (1 - cA
0) (1 – eA) 

and the probability that the rating is not wrong: 

1 - (1 - λ) (1 - cA
0) (1 – eA) 

In period j, if the issuer has not yet defaulted, the credibility of the agency is: 
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(2)  cA
j  =  cA

0  /  { 1 – (1 - cA0)[ 1 -  (-1)j ((1 – eA) (1- λ) −1)j ] }  

The credibility cA
j evolves between cA

0 and 1. 

 

3 – The acquisition of credibility in the case of an inclusion on a watchlist 

The agency announces that the issuer is included on a watchlist with a positive or a negative 

outlook.  This case is not very different from the previous ones.  However, given that an 

inclusion on a watchlist is less informative than a change in rating, it may be considered that 

when confidence is not absolute, investors will expect the probability of an exact appreciation 

to be equal to fA (with fA > eA).  We keep unchanged relations (1) and (2), but we substitute  

parameter eA by parameter fA. 

 

B – The utility of ratings for informed investors 

It is assumed that informed investors have the capacity to evaluate issuers’ risks equally to 

that of the rating agency. The communication of a rating does not therefore provide them with 

any real information.  However, the revision of ratings may be of some use to such investors: 

a new rating may indeed provide profitable arbitrage opportunities with respect to uninformed 

investors. 

This may be the case when a wrong evaluation allows informed investors to profit from 

selling or buying decisions by uninformed investors.  Such situations, however, are not very 

profitable, as spreads end up by revealing the agency’s error, its reputation collapses, which in 

turn prevents such scenarios from repeating themselves. 

Indeed, arbitrage profits can only be made repeatedly following late announcements of rating 

changes, without any inclusion on a watchlist, under the following circumstances: 

- spreads reflect the issuer default probability, and as a result, the rating change by the 

agency is accurate; 

- the credibility of the agency vis a vis uninformed investors is sufficient for them to 

follow the agency’s recommendations. 

The probability of a late announcement of a rating change being at the origin of arbitrage 

gains for informed investors in period p is: 

(λ)  cA
p 
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assuming that uninformed investors will follow the agency’s recommendations in a prorata 

manner to its credibility cAp in period p.2 

 

C– The demand for rating by issuers 

The market for credit ratings is characterized by the specificity that the beneficiaries of 

services provided by the agencies are not their clients: the agencies advise investors, even 

though their clients are the issuers.  The services provided to issuers are thus indirect and pass 

via investors. We examine first the case of uninformed investors, and then that of informed 

investors. 

 

1 – Uninformed investors and the demand for ratings 

The rating agency’s main objective is to help uninformed investors to buy or sell securities.  

Doing so may benefit to the issuer, in as much as it reduces uncertainty, raises the demand for 

securities and allows the issuer to benefit from better issue conditions.  The probability for the 

issuer of realizing these benefits is greater, the more important the agency’s role in shaping 

the expectations of uninformed investors.  This agency’s role depends, in turn, on the 

probability, according to uninformed investors, that the agency’s ratings are accurate.  The 

probability of the accuracy of the rating in period p may be written as:     

cA
p  + (1 – cAp) e

A 

It is assumed that the probability of an issuer obtaining a benefit is: 

α [cA
p  + (1 – cAp) e

A] 

where α is an increasing function with respect to cA
p and  eA, with values ranging from 0 to 1. 

However, the issuer does not only expect the rating to be accurate and the benefit 

associated with this event.  He/she also expects that the rating may be false.  This makes it 

necessary to distinguish between issuers with a low risk of default (good issuers) and those 

with a high risk (bad issuers).  In the first situation, the error by the agency is unfavorable to 

the issuer, who receives a rating which overestimates its default risk.  In contrast, agency 

errors are favorable to high-risk issuers. 

Let: 

TG : be the gain accruing to an issuer with a low default risk (good), when the agency 

rating is accurate (“true”).  TG is calculated as a difference between gains resulting 
                                                 
2 It is possible to use a more general formulation [(λ) F( cA

p)] in which F is a monotonous, increasing function 

with values between 0 and 1. 
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from an issue with an accurate rating and gains resulting from an issue without any 

rating; TG  is discounted.  

WG : the loss recorded by an issuer with a low default risk (good), when a wrong rating is 

set by the agency.  WG is calculated as a difference and discounted. 

Symmetrically, the variables TB and WB represent gains accruing to the issuer with a high risk 

of default (bad), when this risk is appreciated accurately or wrongly.  It is assumed that WB > 

TB. 

The probability of an incorrect rating being established is: 

 (1 – cAp) (1 – eA) 

The expected profit (gross of the cost of acquiring the rating) resulting from the establishment 

of a rating, for a low-risk issuer (i.e. good issuer), is: 

(3)   Ε(PG
NI, A)  =  α [cA

p  + (1 – cAp) e
A]TG  -  (1 – cAp) (1 – eA) WG  

Similarly, the expected profit for a risky issuer (bad issuer) is:  

(4)   Ε(PB
NI, A)  =  α [cA

p  + (1 – cAp) e
A]TB  +  (1 – cAp) (1 – eA) WB 

 

2 – Informed investors and the demand for ratings 

A rating agency may provide some utility to informed investors, by allowing them to generate 

arbitrage profits at the expense of uninformed investors.  This can occur in case of rating 

revisions, provided that these revisions take place after a change in the spreads.  Hence, 

informed investors may wish to buy, more specifically, rated securities.  Such a rise in 

demand may encourage an issuer to ask an agency to rate its issues. 

The probability that a late announcement of a rating revision may lead to arbitrage 

profits for informed investors depends on λ and cAp. It is assumed that the probability of an 

issuer obtaining a benefit is: 

β [(λ)  cA
p] 

where β is an increasing function with respect to λ and cAp, with values ranging from 0 to 1. 

Let G be the gross gain accruing to the issuer from the specific demand of securities 

coming from informed investors (it is assumed that G is identical for issuers of low risk and 

high risk).  The expected profit (gross of the acquisition of the rating) recorded by the issuer 

from the specific demand of informed investors may be written as: 

(5)     Ε(PI, A)  =  β [(λ)  cA
p] G 
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3 – The behavior of low-risk issuers (good issuers) 

Taking into account the two types of investors allows the net profit accruing to the low-risk 

issuer to be estimated: 

(6)  Ε(PA
G)  =  α [cA

p  + (1 – cAp) e
A]TG  -  (1 – cAp) (1 – eA) WG  +  β [(λ)  cA

p] G  -  Z 

where Z is the acquisition price of the rating throughout the whole life-cycle of the issue.  

The first derivatives of the expected profit Ε(PA
G ) with respect to cAp and to eA are positive: 

∂ Ε( PA
G) / ∂ cA

p > 0      and     ∂ Ε( PA
G) / ∂ eA > 0 

The low-risk issuer therefore hopes that the agency’s credibility increases and that the risk 

error (1- eA) decreases. 

For a given reliability eA, the expected profit function makes it possible to establish a 

credibility threshold cAt
*, reached at date t*, beyond which the low-risk issuer has an interest 

in demanding a credit rating.  If the credibility of the agency increases continuously, the 

behavior of high-quality issuers will go through two stages.  To begin with, the issuers will 

not ask for a rating, but beyond this threshold cA
t
* they will become clients of the rating 

agency.  

 

4 – The behavior of high-risk issuers (bad issuers) 

The net profit of a high-risk issuer is: 

(7) Ε(PA
B)  =  α [cA

p  + (1 – cAp) e
A]TB  +  (1 – cAp) (1 – eA) WB  +  β [(λ)  cA

p] G  - Z 

The first derivatives of the expected profit Ε( PA
B ) with respect to cAp and eA  are: 

(8) ∂ Ε( PA
B) / ∂ cA

p  =  TB[∂ α / ∂ cA
p] - (1 – eA) WB  +  G[∂ β / ∂ cA

p] 

(9) ∂ Ε( PA
B) / ∂ eA  =  TB[∂ α / ∂ eA] - (1 – cAp) WB 

The second term of the right hand member of each of these equations is negative, while the 

other terms are positive.  These derivatives are positive or negative, depending on the 

respective values of the different parameters of these two equations (notably, TB, G and WB).  

A negative sign may lead to adverse selection phenomena. 

Thus, for a given reliability eA, if the derivative of the expected profit function 

Ε(PA
B ) with respect to cAp is negative, then the issuer’s interest in having a rating decreases as 

the credibility of the agency increases.  There exits a credibility threshold beyond which the 

issuer has no interest to be rated.  When the credibility of the agency is low, it attracts bad 

risks and conversely when its credibility is high.  

Similarly, for a given credibility level cAp, if the derivative of the expected profit 

function Ε( PA
B ) with respect to eA is negative, then the issuer has an interest in the reliability 
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eA being as low as possible, in other words that the agency implements investigation strategies 

which cost little and which are not very reliable.  

These adverse selection phenomena explain why an oligopolistic organization of the 

rating sector, with an entry control, seems unavoidable, as long as the clients of the rating 

agencies are the issuers.  High risk issuers want their issues to benefit from a nice rating.  In a 

free-market economy, any company may begin a new rating activity, and a high risk issuer 

will easily find an agency to give its issues a nice rating: the inflation of the raters is the 

inflation of the ratings.  As a result, the credibility not only of the agency, but also of the 

whole rating sector will decrease and the rating activity may vanish. 

 

D– The agency’s strategy concerning the investigation effort 

The particularity of a rating agency is to sell to an issuer its credibility vis-à-vis investors who 

are interested in buying its securities.  Thus, the agency’s existence depends on the reputation 

it has with investors.  This new, immaterial asset is developing over time: investors judge the 

credibility of an agency by comparing the agency’s evaluations with those of the market, and 

with observed defaults.  In order to make out accurate ratings, an agency has to commit 

investigation efforts.  Two extreme cases are envisaged: 

- the agency commits insufficient resources to evaluate precisely the default risk of issuers in 

subset A: thus, the investors expect its probability of error to be equal to (1-eA).  Let K1 equal 

these costs. It is assumed that in case the agency is wrong in appreciating default risk, its 

credibility with investors fall to an expected level equal to E(c); 

- in contrast, the agency commits significant resources, at the K2 level, which allows default 

risks of A type issues to be identified, without observing the spreads attributed by informed 

investors. 

Costs K1 and K2 largely reflect structural costs and are incurred independently of the 

level of earnings, especially if the latter are zero.  Using the most reliable strategy in a given 

period has the following advantages: 

a)  It raises the agency’s credibility in the eyes of investors.  This credibility responds to 

equations (1) and (2) above.  If the agency adopts the most reliable strategy incurring costs 

K2, then the rise in credibility relative to issuers in subset A is: 

∆ cA /∆ t 

If the agency adopts the strategy of lower reliability, then the rise in credibility is only: 

eA ∆ cA /∆ t 
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b)  It may raise the expected profits of issuers and hence their demand for ratings.  The gains 

which low-risk issuers (good) and high-risk issuers (bad) can expect are given by equations 

(6) and (7).  The first derivatives of the expected profit Ε(PA
G ) and Ε(PA

B ) with respect to 

cA
p are:  

 ∂ Ε(PA
G) / ∂ cA  =  TG[∂ α / ∂ cA] + (1 – eA) WG  +  G[∂ β / ∂ cA]  

∂ Ε(PA
B) / ∂ cA  =  TB[∂ α / ∂ cA] - (1 – eA) WB  +  G[∂ β / ∂ cA] 

The fi rst equation is always positive, while the second one is positive or negative according to 

the values of eA and WB.  Two situations arise: the derivative is positive for high-risk issuers, 

or it is negative, but high-risk issuers are very few: the expected profit of all issuers, and 

hence their demand for rating, rises with the credibility of the agency.  The derivative is 

negative for high-risk issuers and the high-risk issuers are more numerous than the low-risk 

issuers: in this situation, demand from all issuers decreases with the credibility of the agency. 

c) It allows the agency to surely receive the gains resulting from the sale of the ratings.  Let z 

be the agency periodical gains stemming from the sale of a rating, and NA the number of 

issuers of type A; the differential profit resulting from the adoption of the reliable strategy, 

compared to the less reliable strategy, is for each period: 

NA [ (z – K2) - eA (z – K1) ] 

 

Three situations may be identified. 

 

1) On markets where issuers’ demand decreases with agency credibility. 

In this specific case, demand from all issuers falls with the credibility of the agency; this may 

occur, for example, for a regional agency working on an emerging market which is 

particularly risky, or for a specialized agency operating in a risky segment of the securities 

market.  Then, the agency has an interest in adopting a low-reliability strategy, at cost K1, in 

order not to make the issuers run away.  Investors will expect the agency to adopt this low-

reliability strategy, so that the development of the agency is likely to be strongly limited.  This 

result is similar to the one characterizing a free-market organization of the rating sector. 

 

2) On markets where issuers’ demand increases with agency credibility and where the 

probability of an error (in case of reduced investigation efforts) is high. 

If the issuer demand for ratings rises with the credibility of the agency, and: 

(10)     (z – K2)/ (z – K1) > eA 
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that is the probability of an error (1 – eA) is high, then the agency has an interest in following 

a high-reliability strategy, and will have no interest in changing it. 

 

3) On markets where issuer demand increases with agency credibility and where the 

probability of an error (in case of reduced investigation efforts) is low. 

Lastly, if the issuers’ demand for rating rises with the credibility of the agency and:  

(11)     (z – K2)/ (z – K1) < eA 

and if the development outlook of the agency is sufficiently high, then the agency has an 

initial interest in raising the demand by issuers and hence its credibility.  The expected profit 

stemming from this rise in demand (variable NA) could more than compensate the cost of this 

high reliability strategy which is: 

(z – K2) - eA (z – K1) 

However, the credibility of the agency vis-à-vis investors evolves according to equations (1) 

or (2), both of which define increasing functions but at a diminishing rate.  If we consider 

equation (1), the increase in credibility between period (i) and period (i+1) is: 

(12)    cAi+1 / c
A

i =  1  /  [1 - (1 - cAi) (1 – eA)] 

 The credibility cA
i increases over time with a decreasing rate. The same result stands for 

equation (2): 

(13)    cAj+1 / c
A

j =  1  /  [1 - (1 - cAi) (1 – eA) (1- λ)] 

The credibility cA
j increases too with a decreasing rate.  We notice that credibility cA

j 

increases at a slower rate than cA
i , that is when the agency communicates its rating revisions 

prior to any other information transmission. 

 

When the agency adopts a strategy of reliability over successive periods, the increase in the 

resulting credibility falls over time and tends to 0.  The increase in the issuer demand for 

ratings falls to 0 in the same way, and the agency may have an interest in adopting a strategy 

of lesser reliability.  For this, constraint (11) must be satisfied for an infinite number of 

periods, that is, ρ being the agency discounting rate: 

(14) (z – K2) {Lim (t→∞) ∑
=

t

i 1

(1+ρ)-i }  <  (z – K1) {Lim (t→∞) ∑
=

t

i 1

[(eA) i  (1+ρ)-i] }   

 (15)   (z – K2) / (z – K1)  <  (eA ρ) / (1 + ρ – eA) 
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Constraint (15) is stronger than constraint (11), and takes the latter’s place3. 

Thus, when issuers’ demand increases with agency credibility and when the 

probability of an error (in case of reduced investigation efforts) is low, and/or the cost 

discrepancy (K2-K1) is high, and/or the cost of capital ρ is high4, then constraint (15) may be 

fulfil led and the agency has an interest in modifying its investigation strategy.  At first, the 

agency chooses the most expensive and most reliable strategy, which allows a strong increase 

of its credibility and market share.  However, once a high level of credibility has been 

reached, the investment in reputation is no longer profitable and the agency then switches to 

the lower cost strategy. 

Situations (2) and (3), characterized by an issuer demand increasing with credibility, 

mostly concern developed countries, where low-risk issuers are numerous.  Situation (2) is 

typical of a young rating agency in a developed country, which has poor database and track 

records to assess the default risk of an issuer; its probability of error is high if it does not 

investigate a lot.  In contrast, situation (3) distinguishes mature rating agencies working in a 

developed country: even if their investigation efforts are low, their probability of error, when 

rating an issuer, is not very important because they already have rated similar companies.  

Thus, situations (2) and (3) are more or less typical of the life cycle of a rating agency 

working on a developed country.  It should also be noted that the efforts made in 

investigation, K2 and K1 (along with the resulting reliability in valuations), must be situated 

in the oligopolistic context in which agencies operate.  These variables may partly be 

interpreted as indicators of labor productivity by the teams of analysts working in the agency.  

Then, a change in strategies relative to the investigation effort may seem to reflect a fall in 

labor productivity, once the agency has succeeded in creating an oligopolistic barrier. 

 

E– The agency’s strategy for communicating rating revisions 

Three distinct situations have been identified concerning the agency’s investigation strategies.  

Each of these strategies is associated with a specific communication policy.  

1) On markets where issuer demand decreases with agency credibility. 

When the agency is operating on relatively risky markets (or market segments), it is likely 

that it will have an interest in adopting a low-reliability strategy, in terms of investigation 

efforts.  Instead of seeking to raise its credibility vis-à-vis investors, the agency’s objective is 

                                                 
3 This constraint implicitly assumes that the expected level of credibility E(c), after an error has occurred, is 0.  
The constraint could be softened by assuming that E(c) > 0. 
4 We notice that the low reliability strategy is all the more attractive since the cost of capital ρ is high.  
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to leave it unchanged, while minimizing the risks of being contradicted by informed investors.  

The policy of communicating rating revisions belatedly to the markets (i.e. after spreads have 

been modified) is the only policy which will meet these objectives: the agency’s credibility 

remains at its initial level and, by drawing on the evolution of spreads to support its evaluation 

of default risks, the agency greatly reduces its error probability. 

 

2) On markets where issuer demand increases with agency credibility and where the 

probability of an error (in case of reduced investigation efforts) is high. 

The second situation arises when the agency works with relatively low-risk issuers, and when 

the reliability eA of its evaluations is quite low (in the case when the investigation effort is 

low).  Then, the agency’s interest is to implement substantial investigation efforts, leading to a 

high reliability of its evaluations, and to have these efforts be known, by adopting a policy of 

communicating rating revisions prior to changes in spreads.  This will lead to the result of 

increasing the agency’s credibility rapidly in the eyes of investors. 

 

3) On markets where issuer demand increases with agency credibility and where the 

probability of an error (in case of reduced investigation efforts) is low. 

Lastly, the third situation occurs when the agency works with relatively low-risk issuers and 

the reliability eA of its evaluations is quite high.  This case is interesting, because it leads to a 

change of behavior.  To begin with, the agency may be expected to implement a high-

reliability, high-cost strategy.  Then, once its credibility is strong, the agency will cut its 

investigation efforts, thus exposing itself to non-negligible risks of error.  During the first 

period, the communication policy which optimally copes with the agency’s interests will be to 

communicate rating revisions to the market rapidly, thus greatly increasing the agency’s 

credibility.  During the second period, the agency has an interest in communicating the issuers 

included on the watchlist, prior to actually communicating rating revisions.  This will allow 

the agency to increase its credibility (albeit at a slower rate), while protecting itself against the 

risks of an incorrect evaluation (first because f A > eA, and then because the communication of 

the rating revisions can occur after any spread change), which would wipe out all previous 

efforts made. 
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 Thus, our conclusion is that credit rating agencies choose jointly a strategy relative to 

investigation efforts and communication policy.  This strategy depends on the level of issuer 

default risk, as well as the experience of the agency on its market (or segment of market) and 

its cost structure.  The function of the credit rating agency depends, in turn, on the strategy 

chosen. 

 On risky financial markets (or risky segments of financial markets), credit rating 

agencies choose to communicate their rating revisions lately, after any variation in bond 

spreads.  Their investigation efforts are low and their ratings depend on the informed investor 

evaluations expressed through bond spreads.  Their function on such markets is to confirm (or 

refute) that the changes in observed spreads do indeed correspond to changes in the issuer 

default risks, and are not due to market fluctuations. 

 On low-risk financial markets (or low-risk segments of financial markets), credit 

rating agency strategy depends on its experience on these markets (or segments of market) 

and its cost structure. 

When an agency wants to enter a new market and begin a new activity, it chooses a 

high-reliability strategy and communicates its rating revisions prior to any spread variation, in 

order to increase its credibility vis-à-vis investors.  The function of the credit rating agency is 

to transmit information to uninformed investors concerning the default risk of the issuers. 

By contrast, when its position on these markets (or segments of markets) is well set 

up, and if the cost discrepancy (K2-K1) is high enough compared to the probability of rating 

accuracy (eA), and if the cost of capital ρ (mainly, the shareholder profitability requirement) is 

high, the agency has no longer interest to choose a high reliability strategy which appears to 

be too costly.  A low-reliability strategy seems more adequate, provided that the agency 

communicates its evaluations first through watchlists (with a low probability of error) and 

then through a rating action (most of time after a change in the bond spreads).  Once again, 

the function of the credit rating agency is actually not to transmit information, but rather to 

certify that the change in bond spreads do correspond to a change in the issuer default risk. 

This certification function is important on bond markets, because, if the agency ratings 

are trustworthy, they will stop any interrogation stemming from the uninformed investors 

after a change in spreads (that is, they will stop any noise trading which may be profitable to 

the informed investors) and they will stabilize bond prices (at a new level if the change in 

spreads do correspond to a change in the issuer default risk). 
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II. Determining the Informative Events and Dating the Reactions 

 

 

 

 

A – Objective 

The aim of this empirical analysis is to define the role of the rating agencies in the various 

markets (or market segments) in which they work. We will study the three major, 

international agencies: Moody’s, Standard and Poor’s and Fitch.  Their function on the bond 

markets may be: 

- to transmit information about the issuer default risk, 

- to certify the evaluations provided by informed investors and thus to stabilize the bond 

prices and reduce the spread volatility. 

 Given that the three agencies carry out simultaneously their activity on different 

financial markets segments (different geographical areas, risky issuers or not, different types 

of debt), they play the two different roles listed above at one and the same time.  Our analysis 

will be completed over time. We will examine each of the three agencies’ rating revisions, 

event by event and issuer by issuer, the idea being to search for spread series showing 

structural changes. Several situations may exist: 

- there is no reaction, which is synonymous with an event providing no information or with 

the agency having no credibility; 

- spreads change prior to the rating action (upgrading, downgrading or watch list) ; 

- spreads change after the rating action. 

Taking into account simultaneously the issuer’s characteristics and risk level will then make it 

possible to identify the agency’s function on its market.  

 

B – The data 

The study covers Continental Europe and the United Kingdom, i.e. a region where rating was 

introduced recently (Continental Europe) and a region where it is older (the UK).  Thirteen 

countries are examined: 12 members of the euro area (Austria, Belgium, Finland, France, 

Germany, Greece, Ireland, Italy, Luxembourg, the Netherlands, Portugal and Spain) and the 

UK. 
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The study begins with the launching of the euro on 1st January 1999, and ends seven 

years later, on 31st December 2005. Therefore, this period covers the Internet bubble and its 

collapse, which was a period rich in terms of “rating actions”. The three main agencies (Fitch, 

Moody’s and Standard and Poor’s) in the two regions are taken into account. The main 

“rating actions” by these agencies are covered: upgradings, downgradings, inclusions on 

watchlists with a view to upgrading or downgrading.  

The average spreads are calculated for all issuers concerned by rating actions. For 

corporate issuers, all straight senior unsecured bond issues with fixed income are included. 

For banking and finance issuers, a sample of such issues is taken into account; this sample is 

constituted in order to cover the yield to maturity curve of these issuers. For issues in euros, 

spreads are calculated using the German Government bond rates as the risk free rates (when 

the redemption date is not exactly identical for both issues, a linear interpolation is used). For 

issues in pounds sterling, the Datastream index of returns on UK Government Bond Series is 

used. Consequently, mean spread of each issuer is calculated. 

Given the fact that the market price of default risk evolves over time, it is necessary to 

take the business cycle into account when analysing the impact of rating actions on the level 

of spreads. We chose to examine relative spreads, and not absolute spreads. Thus, for each 

issuer, the following difference is observed over time:  

 

Issuer’ spread  –  Merrill Lynch average spread of issues with the same rating 

 

The Merrill Lynch index for spreads is established for the euro area and the sterling area. It 

covers corporate and banking issuers, according to the rating (it should be noted that no 

corporate/banking distinction is made for speculative grade issues). We consider the issuer 

rating before the rating action. Thus, if a corporate issuer in the euro area experiences a 

downgrading from Aa to A, for example, we examine the gap between the spread of the issuer 

and the average spread on corporate issues in the euro area, with a Aa rating during the whole 

period of the study. It is expected that the initial gap of the spread is close to zero, but then 

rises once investors have reacted to the downgrading.  

 

C – The observation window 

For each issuer, the gap in the spread is measured for a window of 121 trading days starting 

60 days before the rating action and ending 60 days after. 
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Such a time span raises the problem of an eventual contamination by an event from 

some others. However, contamination can only result from other rating actions. Indeed, the 

rate of return on a fixed income bond is only likely to be affected by the following: a 

modification in the risk free rate; a change in the market price of the risk of default; a change 

in the risk of default of the bond. By calculating the spread of the bond as the gap between the 

rate of return on the bond and the rate on government bonds with similar characteristics, the 

first factor is neutralized. The second factor is neutralized by studying relative spreads instead 

of absolute spreads. Therefore, the only cause for the variation in the gaps in spreads is the 

magnitude of default risk in a given bond, and this level of risk is normally measured by the 

rating agencies.   

So, there may be contamination in the study, due to the interference of two rating 

actions. In fact, this occurs quite frequently: first because an agency may include an issuer on 

a watchlist quite shortly before announcing an upgrading or a downgrading; then, since 

agencies’ decisions are relatively consistent, so that a rating action from one of them is 

generally followed by similar actions from the other agencies.  

We assume that there’s a contamination between two rating actions when they are less 

than 60 trading days apart.  When such contamination occured, the reaction was attributed to 

the first event. 

 

 

D – Identifying informative and non-informative events 

Our methodology implies to identify and separate the events that are neither followed nor 

preceded by any reaction from the investors (the non informative events), from the 

informative events. 

To begin with, unit root tests are carried out on the relative spreads, following 

Dallocchio, Hubler, Raimbourg, Salvi (2006). An ADF test (Dickey-Fuller (1979 and 1981)) 

and a Phillips-Perron5 test (1988) are used jointly. The ADF test relies on the following 

equation: 

 (17)   yt  = α  +  ρ yt-1  + βt  +  ∑
=

k

i 1

ci ∆yt-i + εt 

where yt is the series of the relative spreads, (t) a linear trend and k the number of lags 

included in the estimated equation, in order to deal with a possible autocorrelation, and to 

                                                 
5 In contrast with ADF test, Phillips Perron (1988) test offers a non parametrical correction in order to deal with 
error heteroscedasticity.    
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increase the test reliability (Dickey et Fuller, 1981 ; Saïd et Dickey, 1985). The number of 

lags k is chosen in order to minimize the Schwarz information criterion6. A hypothesis of non-

stationarity (which corresponds to a unit root, i.e. ρ = 1) is tested against a hypothesis of 

stationarity (with ρ less than 1). A stationary series is characterized by the fact that it is not 

durably affected by an exogenous shock. A non stationary series reacts to an exogenous shock 

and has a permanent memory process. 

A series comes out to be stationary when it does not have a unit root (considering the 

p-value at 5% level - Mc Kinnon, 1996). In this case, since the series does not react to the 

rating action, the rating event is considered as non-informative.  

However, since Perron (1989), classical unit-root tests are known to bias results in 

favour of the unit root hypothesis.  Indeed, when ADF or Perron (1988) tests conclude that 

series are apparently non-stationary, they may in fact have experienced a break (or a structural 

change) and be stationary, before or after this change.  Actually, a structural change means a 

break in level and/or in trend. In many cases, such breaks are the cause of the presence of unit 

root in the ADF or Phillips-Perron tests. 

For all the series identified by ADF or Phillips-Perron tests as non-stationary, it is 

therefore important to find a possible structural change that may explain such non-stationarity. 

Then, according to Perron (1997) the series may: 

- be confirmed to have a unit root (without any structural change) 

- be stationary, with the presence of a break (structural change) 

- have a unit root, with a structural change. 

The first case did not occur in our sample. But the last two cases testify that there is a 

structural change7.  Without any contamination problem, we’ll consider this break as the 

effect of a modification of the bond risk appreciation by the investors; this modification may 

occur before or after the agency’s rating action. 

Perron (1989) suggests introducing a dummy variable which has a non-zero value the 

day of the structural change. However, this method, supposes to know a priori when the 

structural change takes place. Subsequently, other methods considering the date of a possible 

break as unknown and endogenous have been developed. This is especially the case in Zivot 

and Andrews (1992), Banerjee, Lumsdaine and Stock (1992), Perron and Vogelsang (1992).  

                                                 
6  Schwarz Information Criterion (SIC) : ln (σ2

ε) + [ ( k.ln(T) )  / T ] 
σ being the volatility of residuals, k the number of lags and T the number of observations.  
7 in the third case, this means a change in the drift of the process. 
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In this paper, we use the Perron (1997) test, which allows series to be non-stationary, with a 

structural change.  

Perron (1997) proposes two different models, the Additive Outlier model (AO) and the 

Innnovational Outlier model (IO).  Given that the latter allows the break in the relative 

spreads to occur gradually, with or without a shift in the level or in the trend, it seemed more 

appropriate for our study.  Thus, we use the Innnovational Outlier 2 model8.  The relative 

spread data series may therefore be estimated as following:  

yt  = α + θDUt + βt + γDTt + δD(Tb)t + ρ yt-1 + ∑
=

k

i 1

ci ∆yt-i + εt 

where Tb is the (unknown) date of the structural break, DUt denotes the dummy variable for 

the change in level (DUt = 1 if t > Tb , or 0 otherwise), DTt denotes the dummy variable for 

the change in trend (DTt =  Tt if t > Tb , or 0 otherwise), D(Tb)t is the so called crash dummy 

supposed to capture a possible and sudden shift in the series (D(Tb)t =  1 if t = Tb+1 , or 0 

otherwise). 

 As the results of the test may strongly depend on the number k of lags, we chose to 

select it endogenously, using the method proposed by Ng and Perron (1995), and Ben and 

Papell (1998). First, the test is performed by taking into account the maximum number of 

lags9; if it is significant10, the procedure stops; if not, this is repeated by lowering k by one, 

until the rejection “that additional lags are insignificant” occurs.  

 

E – Dating the structural changes 

Our main objective is to date the structural changes in the series of the relative spreads.  The 

estimation procedure is the following: 

- it is assumed that the possible date of breakpoint Tb, occurs within a window surrounding 

the rating action by +/- 45 trading days11. Then, all the possible breakpoint dates are checked, 

with the variable Tb being given successively all the possible values (91) within the window  

[-45, +45]; 

- for each of these 91 available equations, we select the optimal number of lags k, as described 

above; 

                                                 
8IO1 model only allows a shift in the level. 
9 We use Hayashi (2000) criterion to specify the maximum value of k: k max . For a number of observations T, 
kmax is equal to the entire part of: 12(T/100)1/4. 
10 As suggested by Perron (1997), we use a level of  10%.  
11 According to Norden and Weber (2004) paper (cf table 1, p. 2816-2817), it seems a reasonable period. 
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- then, each equation is estimated using OLS, and only two equations are selected (where the 

coefficients of the dummies DUt  and DTt are the most significant).  These two equations 

allow the structural change to be dated. 

Perron (1997) suggests two different procedures for identifying the date Tb of a structural 

change: 

- following Zivot and Andrews (1992) and Barnerjee, Lumsdaine and Stock (1992), by 

minimizing the t-statistic of the lagged variable coefficient ρ. This is the way to give the most 

important weight to the alternative hypothesis of stationarity. 

- by maximizing the t-statistic of the dummy variable associated with a break in the trend or 

the intercept (the direction of the variation may or may not be taken into account). 

Given the importance of dating the structural changes in this research, we chose to apply the 

second method (taking into account the direction of variation12). If both dates of break (for the 

trend or the intercept) are significant, we select the earliest from the both, which denotes the 

date of the investors’ first reaction. If only one date of break is significant (either for the trend, 

either for the intercept), we select this date. If none of the observed dummies is significant, 

the series does not exhibit a structural break. 

To illustrate this approach, let’s consider the upgrading of the French company Elf 

Aquitaine as an example.  On 30th August 2005, Moody’s has upgraded this company, so that 

the situation before and after the upgrading changed is the following: 

 

 

 

Rating before Aug. 30th 2005 Rating after Aug. 30th 2005 

Aa2 

No watch 

Outlook positive 

Aa1 

No watch 

Outlook stable 

 

The relative spread of the bonds issued by this company during the 141 trading day period 

covering the date of the rating action is shown on the Figure 1 below: 

 

 

                                                 
12 The date Tb of a break is determined by observing the maximum t-statistic in case we expect an increase in the 
relative spread (downgrading or watch negative) and the minimum t-statistic in case of upgrading or watch 
positive. 
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Figure 1 

Relative spread (in BP) of issues by Elf Aquitaine for the period covering 30th August 2005 

(compared to the Merrill Lynch index of corporate issues with the same initial rating)  
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The event occurs at day 71. A fall in the relative spread of “Elf Aquitaine issues” can be 

observed around this date (more or less 8 BP).  The result of the Perron (1997) test is the 

following: 

 

Variable t stat Observation 

DUt 
-2.600949  97 

DTt 
-3.062734  58 

 

The dummy variable for the trend (DTt) is significant: the series shows a break in the trend at 

day 58 (i.e. 13 trading days before the rating action) which indicates the beginning of the 

relative spread decrease. 

The dummy variable for the intercept (DUt) is also significant and, in this case, rather 

indicates when the relative spread decrease stops: at date 97, i.e. 26 trading days after the 

rating action, the Elf Aquitaine relative spread is reaching a new level and then tends to be 

stabilized. Therefore, in this example, the date 58 would be selected. 
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III. Empirical Analysis 

 

 

 

 

A – The data 

The study covers twelve countries of Continental Europe (Austria, Belgium, Finland, France, 

Germany, Greece, Ireland, Italy, Luxembourg, the Netherlands, Portugal and Spain) and the 

United Kingdom. The study begins with the launching of the euro on 1st January 1999, and 

ends seven years later, on 31st December 2005.   

 

The average spreads were calculated for all issuers concerned by rating actions of one                                                                                                

of the three major international agencies. Then, relative spreads were estimated, using the 

Merrill Lynch spread index according to ratings.  

The database includes 868 rating actions, which can be split according to the kind of action 

and the rating agency, as shown in table 3. 

 

Table 3 – Description of the database: repartition of the events according to the action 

and the rating agency  

 Moody’s Standard and Poor’s Fitch 

Downgradings and 

negative watches 

268 289 78 

Upgradings and 

positive watches 

100 100 33 

Total 368 389 111 

 

 Most of the rating actions concern the euro zone, as stated by table 4. 
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Table 4 – Description of the database: repartition of the events according to the 

currency 

 Euro issues Sterling issues 

Downgradings and negative 

watches 

455 180 

Upgradings and positive 

watches 

186 47 

Total 641 227 

 

B – The uninformative vs informative CRA actions 

The first results of our analysis concern the distinction between informative events and non 

informative ones. A non informative event is an event for which we statistically observe no 

reaction on bond prices during the period surrounding the date of the event, that is an event 

for which the series of spreads is stationary. 

First, we characterize the events for which there is a reaction in the spreads and then, those for 

which there is no reaction. 

 

a) Considering downgradings and watchlists with negative outlook, about one out of two 

events (precisely, 49 %) is uninformative for the investors; whereas for 51% of the events, we 

can observe a structural change in the spread series. 

In order to separate the informative events from the other ones, we performed a factor 

analysis (multi-correspondence), followed by a cluster analysis. Different variables were 

included in the analysis, such as: the rating before the event, the year of the event, the number 

of notches in case of a downgrading, the country of the issuer, the “specific industry” of the 

issuer, the reaction to the rating event (stationarity or structural change). Figure 2 plots the 

different events (311 uninformative events in grey – reaction =1 - and 324 informative events 

in black – reaction =2) as well as the specific industry; this variable (spi2) goes from 1 to 7 

with: 

Spi2 = 1 : banking and insurance sector 

Spi2 = 2 : heavy industry: capital goods, chemicals and packaging, building materials, oil, 

metal and mining  

Spi2 = 3 : utilities, local authorities and transportation 

Spi2 = 4 : telecom and high tech 
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Spi2 = 5 : automotive 

Spi2 = 6 : retail, media and entertainment 

Spi2 = 7 : other sectors 

Factor 1 and factor 2 operate a satisfactory separation between the uninformative events (most 

of them on the right) and the informative ones (most of them on the left). 

Figure 2 

 

Looking for the variables that explain factor 1 and factor 2 may give a characterization of 

informative and uninformative events. The events are uninformative, mostly when the initial 

rating of the issuer is above or equal to A2 (A), and when the downgrading is only of one 

notch; mainly banks and financial companies (spi2 = 1) from the Euroland are associated with 

such uninformative events; the reaction is not so clear for utilities and local authorities (spi2 = 

3), despite a global proportion of 58% of uninformative events in this category. On the 

contrary, events are informative when the initial rating of the issuer is equal to or lower than 

A3 (A -) or when it is at least a two notch downgrading; mostly, this corresponds to corporate 

companies, in particular, belonging to the telecommunication and automotive sectors (spi2= 4 

or spi2=5), or to heavy industry (spi2=2), when the issuer is initially classified as 

“speculative”, in the sterling zone, but also in the Euroland. 

Both the factor analysis and a test of independence of Chi-square prove that there is no 

significant difference (5% level) between the informative aspect of downgrading and the one 

of negative watch. 

Besides, table 5 shows an important difference between investors’ reactions in the UK and in 

the Euroland. 

Factor 1 

Factor 2 
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Table 5 – Proportion of uninformative downgradings (and negative watch)  

according to the currency ** 

 Uninformative 
downgradings (and negative 

watch) 

Informative downgradings 
(and negative watch) 

Euro issues 58 % 42 % 
Sterling issues 26 % 74 % 

All issues 49 % 51 % 
**Hypothesis H0 is rejected by χ 2 test at the 5% level: the reaction of sterling issues to 

downgrading or negative watch is more important than the reaction of euro issues. 

 

We also point out some differences relative to the rating agencies. Table 6 gives the 

proportion of uninformative events according to the rating agency and the broad economic 

sector.  

Table 6 – Proportion of uninformative downgradings and negative watches according to 

the sector and the rating agency 

 Moody’s Standard and Poor’s Fitch 

Banking sector 70 % ** 54 % ** 61 % 

Corporate sector 38 % 36 % 29 % 

Local authorities 

and transportation 

68 % 56 % 78 % 

** significant at the 5 % level (z-test comparison of proportions) 

 

The reaction to a negative watch is quite the same as the one to a one-notch downgrading as 

stated by table 7, the reaction to a two-notch (and more) downgrading being more important.13  

 

Table 7 – Proportion of uninformative one-notch downgradings, two-notch 

downgradings and negative watches 

 One-notch 
downgradings 

Two-notches and 
more downgradings 

Negative watches 

Uninformative events 57 % 25 % 48 % 
Informative events 43 % 75 % 52 % 
 

                                                 
13 Chi-square independence test allows rejecting the hypothesis of independence between the proportion of 
informative and the kind of rating grade action. This conclusion is explained by the fact that the proportion of 
reaction to a “2 notches or more” downgrading is much higher than the one to a “1 notch” downgrading or 
“watchnegative”. The independence hypothesis can’t be rejected at the 5% level between “one notch 
downgrading” and “watchlist.” 
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If we look at the repartition of rating actions according to the period covered by the study, it 
appears that the proportion of negative watches increases along time, whereas the part of 
downgradings decreases (cf table 8). 
 

Table 8 – Repartition of downgradings and negative watches over the years 

 1999 2000 2001 2002 2003 2004 2005 
Negative 
Watches 

37 % 40 % 37 % 37 % 48 % 41 % 70 % 

Downgradings 63 % 60 % 63 % 63 % 52 % 59 % 30 % 
(Hypothesis H0 of independance is rejected by χ 2 test at the 5% level) 
 

b) Considering the upgradings and watchlists with positive outlook, the results are somewhat 

different. First of all, events are mostly uninformative: a little more than two thirds of the 

whole events (precisely, 71 %) transmit no information to the investors, whereas only 29 % 

cause a structural change in the spread series. 

We carried out a multi correspondence analysis to characterize the informative and the 

uninformative events.  

An upgrading, or a positive watch, is rather an uninformative event when the initial rating of 

the issuer is equal to or higher than A3 or A- (it was the case of many banks within the 

Euroland) or when the upgrading is not very important compared to the issuer level of risk (it 

was the case of issuers belonging to the automotive sector whose initial rating was equal to or 

lower than Ba1 or BB+). 

On the contrary, upgradings (or positive watches) are informative in case of speculative 

corporate issuers upgraded by two notches or more (it concerned issuers from the retail and 

media sectors), in case of banks with an initial rating equal to or higher than A3 or A-  

upgraded by Fitch, and in case of UK corporate companies belonging to the Telecom sector 

whose initial rating was between Baa1 or BBB+  and Baa3 or BBB- (concerning the same 

issuers inside the Euroland, the spread reaction was unclear). 

We notice an important difference between events relative to sterling issues and euro issues, 

as stated by table 9. 
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Table 9 – Proportion of uninformative upgradings (and positive watches)  

according to the currency ** 

 Uninformative upgradings 
(and positive watches) 

Informative upgradings 
(and positive watches) 

Euro issues 76 % 24 % 
Sterling issues 49 % 51 % 

All issues 71 % 29 % 
(** Hypothesis H0 of independence is rejected by the 5% level χ 2 test: the reaction of sterling 

issues to upgradings or positive watches is more important than the reaction of euro issues) 

 

Positive watches are very few, and the repartition of rating actions between positive watches 

and upgradings is in the benefit of upgradings (positive watches: 27 % / upgradings: 73 %). 

 

C – The « pre event » and « post event » informative series 

In order to point out the common features and differences between the pre-event and post-

event reactions, we perform a cluster-analysis, including in the analysis the same variables 

than previously, and another variable whose object is to operate a distinction between five 

possibles periods of reaction to the event (that, the date of the structural change in the series 

of spreads) : 

- the reaction happens very closely  around  the event (+/- 2 days) 

- the reaction happens between -3 and -9 days prior to the event 

- the reaction happens 10 days or more prior to the event 

- the reaction happens beetwen 3 days and 9 days after the event 

- the reaction happens 10 days or more after the event 

The study of the issuers experiencing a downgrading action or a watch negative gives the 

following results (in the seven clusters built in the analysis, the period of the reaction is 

very significant): 

- The reaction « around the event » mostly concerns issuers whose activity is in industry 

(76% of the cases, versus 0% of financial issuers, and among them, a significant proportion 

of « telecom » and « heavy industry » companies),  whose rating before the event is A- to 

BBB, experiencing a « 2 notches and more » downgrading action, and whose issues are 

mainly in sterling. 

- In majority, two kinds of issuers seem to experience a reaction  in the bond spreads 

between 3 and 9 days prior to the event : « industrial » with a very low rating (< BBB-), or 
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« banking and financial » with a high rating, with an over-representation for the issues in 

sterling. 

- The reactions occuring more than 10 days before the event are mainly associated with 

industrial issuers14 with a very low rating (BBB- and below), whose issues are in euros, 

with an over representation of Moody’s rating action. 

- The reactions occuring between 3 days and 10 days after the event offer a high propotion 

of issuers rated Aa- to A, with an over representation of the banking and financial issuers, 

and issuers rated by Fitch. 

- The reactions occuring more than 10 days after the event are less homogeneous and don’t 

allow any particular comment. 

 

D) Rating action and spread magnitude 

Considering now the whole pre event and post event informative series, we try to identify the 

different variables that explain the magnitude of the reaction. 

The explained variable is the change in the relative spread after the break (in basis points, 

period of observation: from the date of the break to 60 trading days after the rating change, as 

explained in Part II).  

The variables expected to influence the amplitude of this change are included in an OLS 

model:  

• the relative mean-spread on the period prior to the reaction, (in basis points) 
• a sample of dummies relative to the agency (reference : Moody’s) 
• a dummy variable relative to the currency of the issue (reference : euro) 
• a sample of dummies relative to the rating existing before the rating action (reference : 

the highest rating level in our classification : Aaa to Aa, or equivalent for S&P) 
• a sample of dummies according to the magnitude of the rating action (negative watch, 

one, two or more than two notches in case of downgrading ; one notch being the 
reference) 

• a sample of dummies relative to the outlook/watch resolution after the rating grade 
action (no outlook/watch after, being the reference, opposed to the existence of either 
a negative watch or an outlook negative after the event) 

• a sample of dummies relative to the date of the reaction, classified as explained above 
(five classes, reaction around the event – i.e +/- 2 days – being the reference) 

• a sample of dummies relative to the specific industry of the issuer (the automotive 
activity being the reference) 

• a sample of dummies according to the country of the issuer (UK is the reference) 
• a sample of dummies according to the year of the event (2002 is the reference) 

                                                 
14 We also notice in the cluster an over represenation of the « retail, consumer and media/entertainment » issuers, 
amongst those whose activity is in the industrial sector. 
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• some cross-dummies, in case they appear significant (rating before crossed with 
negative watch). 

 
The estimated equation was tested and controled for the presence of multicolinearity, 
heterosedasticity (White and Arch-LM test) and autocorrelation (DW and Q-Ljung/Box 
test) in the residuals.  
 
The detailed output of the model is included in annex 1, the list of the significant variables 
appears in the table below, and the synthesis which can be drawn is the following. 
 

 
 

Significant variables explaining the magnitude of the variation 
 in the relative spread (after the break) 

Significant variables sign of the coefficient p-value 
- level of the relative spread 
prior to the event 
 
- rating before the event  
• A- to BBB (if downgrade) 
• BBB- and below 
 
magnitude of the rating action 
• three  notches and more 

 
       - neg watch after event 
       - neg outlook after event 

 
- currency : sterling 
 
- agency : Fitch 
 
- datation of the reaction 
• more than 10 days before 
 
- countries : France 
 

 - specific industry: 
• heavy industry 
• automotive 
• retail,consumer, 

media/entertainment 
 

- year of the event: 
• 2004 
• 2005 

+ 
 
 
 

+ 
+ 
 
 

+ 
 

+ 
+ 
 
- 
 

+ 
 
 
- 
 
- 
 

 
                            + 

 + 
 + 
 
 

                            
                            - 
                            - 

** 
 
 
 

** 
** 
 
 

                         *** 
 
                         *** 
                             * 

 
** 
 

***  
*** 

 
** 
 

                          *** 
 
 
                            ** 
                              * 
                        **  

 
 
 

** 
**  

* 10% level 
**  5% level 
*** 1% level 

 
 Firstly, the results suggest that the increase in the relative spread of the bonds affected 

by a downgrade or a watch negative depends in a positive way from the level of the relative 

spread before the event. That is to say, when there is a gap between the issuer’s mean-spread 
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and the average level  of the class it belongs to (i.e, the Merryl Lynch index), this gap is 

accentuated after the negative event.  

Then, it seems the magnitude of the reaction is significatively less important when this 

reaction occurs prior to the the event date (especially more than 10 days before : 61 basis 

points less than when the reaction occurs +/- 2 days around the event) 

Thirdly, there is strong evidence that the magnitude of the variation depends of the severity of 

the rating grade action, and from the risk level of the issuer before this event. Thus, whereas 

the reaction to a two notches downgrading doesn’t appear different from the one to a one 

notch downgrading, it is much stronger when the issuer is affected by a three notches and 

more downgrading (145 BP more);  besides,  the importance of the reaction in case of a 

watchnegative is not significatively different from the reaction to a one notche downgrading, 

except in case the issuer is BBB- or below before the rating action (223 BP More).  The result 

appears quite similar if we focus on the incidence of the rating level of the issuer: the spread 

variation appears much more important  in case the issuer is rated A- or below15. Moreover, 

the reaction is more important when the issuer incurs a negative watch or a negative outlook 

following the rating action itself. 

The activity of the issuer is not neutral, since it seems that the issuers in “heavy industry”, 

“retail, consumer, and media/entertainment” and “telecom” are penalized. If we focus on the 

currency of the issues, the amplitude of the reaction is less important in case the issuer’s 

issues are in sterling (ceteris paribus, 54 BP minus than in euro). The market seems to react 

more when the rating action comes from the Fitch agency than from Moody’s (95 BP more). 

Considering the different countries, it seems the reaction is the same, except in one case 

(France, where it’s lower). At last, the reaction appears lower for the last two years of the 

study (2004/05). 

 
E – Rating action and spread volatility 

Once again, we will concentrate on informative events, first on downgradings and negative 

watches, and then on upgradings and positive watches.  

 

a) When investors become aware of a fall in an issuer credit quality, not only the mean 

relative spread increases, but the relative spread volatility raises as well.  

                                                 
15 The difference in the spreads’ reaction, relatively to an issuer rated Aaa to Aa, is respectively 117, 123 BP 
more important when the issuer is downgraded and rated A- to BBB or BBB- and below and even more (300 BP) 
when the issuer is rated BBB- and below and experiences a negative watch. 
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Table 11 states, for the whole pre event and post event informative series, the proportion of 

series for which there is an increase or a decrease in the spread volatility at the date of the 

reaction. 

Table 11 – Spread volatility and market reaction 
Proportion of events for which the spread 
volatility increases at the date of reaction 

56,4 % ** 

Proportion of events for which the spread 
volatility decreases at the date of reaction 

27,6 % ** 

**significant at the 5 % level (unilateral Fisher test) 
 

 

b) Concerning the sole pre event informative series, at the date of the downgrading or 

negative watch announcement (that is, after the investors have discerned a fall in the issuer 

credit quality), one may observe a decrease in the spread volatility, following the increase 

occurring when investors become aware of the new issuer credit quality. 

In such cases, the rating action announcement seems to stop the investor worries: the 

informed investors notice a drop in the issuer credit quality, and the bond prices drop 

consequently; but uninformed investors are doubtful whether this drop in prices is reliable or 

not. This uncertainty causes the spread volatility to increase. The function of the rating agency 

is then to certify (or not) that the point of view of the informed investors is well reflected in 

the observed bond prices; this certification causes the volatility to decrease.  

Figure 3 plots the whole pre event informative series according to the spread volatility before 

and after the announcement16 . 

                                                 
16 Precisely, over the period [reaction date, announcement date[ and [announcement date, announcement date + 
60 days].  
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Figure 3 

Spread volatility before and after the rating announcement
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Most of the events are plotted above the line and show a spread volatility which is higher 
before the event than after. We performed an unilateral Fisher test to appreciate the proportion 
of events for which the spread volatility decreases with the rating announcement. Table 12 
points out the results. 
 

Table 12 – Spread volatility and agency announcement 
Proportion of events for which the spread 
volatility decreases with the announcement 

60,6 % ** 

Proportion of events for which the spread 
volatility increases with the announcement 

19,7 % ** 

**significant at the 5 % level 
 
Mainly, events for which we observe a spread volatility decrease with the announcement are 

the ones with a high initial rating (equal to or higher than A3 or A -) and which experience a 

one-notch downgrading. On the opposite, when the initial rating is between Baa1 (or BBB+) 

and Baa3 (or BBB -), or in case of a negative watch, we mainly observe an increase in the 

spread volatility. 

 

c) Concerning upgradings and positive watches, the analysis of the evolution of spread 

volatilities is inconclusive; this may be due to the fact that an upgrading is a good news for 

the investors.  
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Annex 1 : Output of the OLS model 

(explanation of the magnitude of the reaction of the relative spread) 

 

 
Dependent Variable: VARSPR   

Method: Least Squares   

   

Sample: 1 324   

Included observations: 324   
     
     
 Coefficient Std. Error t-Statistic Prob.   
     
     

SPREL 0.097133 0.049449 1.964308 0.0505 

C -1.420424 70.37439 -0.020184 0.9839 

DCCY -54.38933 24.49460 -2.220462 0.0272 

DAGY2 14.86471 24.50526 0.606593 0.5446 

DAGY3 95.68419 35.30065 2.710550 0.0071 

DRB2 17.27882 43.11123 0.400796 0.6889 

DRB3 117.3232 49.09617 2.389661 0.0175 

DRB4 123.3833 56.81121 2.171813 0.0307 

DN2 49.65033 32.16102 1.543805 0.1237 

DN3_4 145.3970 54.48703 2.668470 0.0081 

DNWN 45.88648 69.88233 0.656625 0.5119 

DSPI1 61.70969 48.09938 1.282962 0.2005 

DSPI2 100.1572 45.76548 2.188487 0.0294 

DSPI3 44.60175 47.44748 0.940024 0.3480 

DSPI4 86.62875 47.61681 1.819289 0.0699 

DSPI6 97.56654 45.61351 2.138983 0.0333 

DSPI7 104.4065 55.29338 1.888229 0.0600 

D99 -5.518791 63.39188 -0.087058 0.9307 

D00 -53.21581 44.50127 -1.195827 0.2328 

D01 -2.685961 31.23225 -0.086000 0.9315 

D03 -26.95971 29.74632 -0.906321 0.3655 

D04 -76.71280 39.09295 -1.962318 0.0507 

D05 -117.2347 40.44867 -2.898358 0.0040 

DFR -107.3550 38.80106 -2.766806 0.0060 

DGMY -48.52591 36.07548 -1.345122 0.1796 

DNETH 38.76026 34.17524 1.134162 0.2577 

DSEUR -38.79116 49.52315 -0.783293 0.4341 

DCTY -42.70623 49.13412 -0.869177 0.3855 

DAFTW 299.8039 53.55717 5.597830 0.0000 

DAFTO 52.58075 31.51618 1.668373 0.0963 

DREAC2 -25.39266 33.43132 -0.759547 0.4481 

DREAC3 -61.38715 29.10083 -2.109464 0.0358 

DREAC4 -65.05195 39.35494 -1.652955 0.0994 

DREAC5 -32.34838 31.95515 -1.012306 0.3122 

DNWN*DRB2 -11.19821 78.73873 -0.142220 0.8870 

DNWN*DRB3 -71.32687 77.06272 -0.925569 0.3554 

DNWN*DRB4 177.4566 85.78405 2.068643 0.0395 
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R-squared 0.428013     Mean dependent var 113.7068 

Adjusted R-squared 0.356266     S.D. dependent var 217.6191 

S.E. of regression 174.6024     Akaike info criterion 13.27003 

Sum squared resid 8749483.     Schwarz criterion 13.70179 

Log likelihood -2112.745     Hannan-Quinn criter. 13.44237 

F-statistic 5.965553     Durbin-Watson stat 1.997890 

Prob(F-statistic) 0.000000    
     
     

 

Legend : 

Sprel : level of the relative mean-spread before the reaction 

Dccy : dummy = 1 if issue in sterling 

Drb : sample of dummies (2 if rating before=: Aa- to A ; 3 =A- to BBB; 4= BBB- and below) 

Dn: sample of dummies (2= two notches downgrade; 3_4= three and above notches ; wn= negative watch) 

DSPI : sample of dummies (1= banks and finance ; 2= heavy industry ; 3= public, utility and local auth. ; 4= 

telecom; 6= consumer, retail, media/entertainment; 7:other) 

Dt: sample of dummies, year of the event (99=1999; 00=2000;01=2001;03=2003; 04=2004; 05=2005) 

Dcountries: sample of dummies (Fr= France; gmy=Germany;Neth=Netherlands; Seur= Italy, Spain, Portugal, 

Greece; Dcy: other euro- zone countries) 

DAFT: sample of dummies (DAFTW: negative watch after the event; DAFTO: negative outlook after the event) 

DREAC:sample of dummies (2= reaction between 3 and 9 days before the rating action; 3= 10 days or more 

before; 4= between 3 and 9 days after; 5= 10 days or more after the rating action) 
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Abstract 
 
Lemmon et al. (2008) document two features of the data on firm capital structure: 
convergence and persistence. They sort firms by leverage ratios and find that firms 
with relatively high (low) leverage tend to move toward more moderate levels of 
leverage; and despite this convergence, firms with initially high (low) leverage tend to 
maintain relatively high (low) leverage. We replicate their results in this study and 
examine more closely the persistence and convergence features. The test results reveal 
that the observed convergence in our samples is most likely due to a statistical fallacy 
called the “regression fallacy” and is mechanical rather than real, while the 
persistence feature remains valid throughout the tests. In fact, the mechanical 
convergence sources from a permanent component in leverage ratios and the 
misclassification problem in portfolio construction. To control for the 
misclassification problem, we propose a method in which firms are sorted in terms of 
the time-series average of leverage instead of the portfolio formation year leverage. 
Taking this approach, the convergence feature in our sample is reduced. A decrease in 
the convergence feature confirms the mechanical nature of the observed convergence 
further. Finally, we propose two possible driving forces of capital structure 
persistence.  
 
 
 
 
 
 
* I am indebted to my supervisors Christine Brown, Bruce Grundy, and Chander Shekhar for their continuous 
guidance and encouragement. I am grateful to Stephen Brown, Xin (Simba) Chang and Michael Lemmon for their 
helpful suggestions and comments. 
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1. Introduction 

The modern theory of capital structure starts with Modigliani and Miller’s (1958, 

1963) proof of capital structure irrelevance. Subsequent research relaxes assumptions 

of the Modigliani-Miller theorem and develops various capital structure theories. 

Among them, the most noteworthy ones are the trade-off theory and the pecking order 

theory, which dominated the literature for decades.  

  The trade-off theory predicts a target leverage ratio that depends on the benefits and 

costs of debt. Graham and Harvey (2001) provide survey evidence that supports this 

prediction moderately. Recent studies argue that since the benefits and costs of debt 

change over time as firm characteristics change, the leverage target should be 

time-varying. Hovakimian et al. (2001) employ a two-step procedure in which the 

target leverage ratio is first estimated from firm attributes and then the deviation from 

the target is used to predict the firm’s debt-equity choice. They find supporting 

evidence of the existence of a time-varying target. However, due to adjustment costs 

(e.g. Leary and Roberts (2005)), complete adjustment is rare in reality. Firms adjust 

toward the target partially each year. Fama and French (2002) estimate a speed of 

adjustment of 7-10% per year for dividend payers and 15-18% per year for non-payers. 

Subsequent research on the partial adjustment model mainly involves econometric 

issues and estimate a speed of adjustment ranging from 11% to 34% (e.g. Flannery 

and Rangan (2006), Lemmon et al. (2008), Huang and Ritter (2007), Flannery and 

Hankins (2007)). Despite the development of the target adjustment model, there is a 

line of research that questions its validity. Shyam-Sunder and Myers (1999), Chen and 

Zhao (2007) and Chang and Dasgupta (2008) provide evidence demonstrating that the 

leverage ratio tends to revert to the mean mechanically regardless of the firm’s 

financing preference.  
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  The pecking-order theory gains less and less support in recent years. Shyam-Sunder 

and Myers (1999) point out that if firms follow the pecking-order theory, the 

financing deficit should be matched dollar-for-dollar by the change in corporate debt. 

Frank and Goyal (2003) examine Shyam-Sunder and Myers’s prediction using a large 

sample of U.S. firms and find that firms, especially small firms, issue a large amount 

of equity to finance the deficit, which is contradict to the prediction. Fama and French 

(2005) find that in contrast to the pecking order prediction that firms rarely issue stock, 

most firms issue or retire equity each year, and the issues are on average large and not 

typically done by firms under duress. They thus conclude (p.580-581): “If so, the 

pecking order, as the stand-alone model of capital structure proposed by Myers (1984), 

is dead: financing with equity is not a last resort, and asymmetric information 

problems are not the sole (or perhaps even an important) determinant of capital 

structures.” 

  Despite the development of existing theories, capital structure research has 

diverged from these theories in an attempt to explore the evolution and determinants 

of capital structure in a broader setting. Baker and Wurgler (2002) find that market 

timing has a significant impact on capital structure and the impact lasts for a long time. 

They conclude that capital structure is the cumulative outcome of management’s past 

attempts to time the equity market. Welch (2004) documents that a firm’s current 

capital structure varies almost one-to-one with an implied debt ratio variable that 

assumes no new issuance of debt or equity. He thus argues that firms are indifferent to 

capital structure so that stock return effects are the real determinants of market-based 

leverage ratios. Malmendier et al. (2005) observe that overconfident CEOs access 

external capital markets more conservatively and are more likely to cover financing 

deficit with debt, as they believe that their firm’s securities are undervalued.  
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Although subsequent studies (e.g. Leary and Roberts (2005), Liu (2005) and Alti 

(2006)) try to reconcile existing theories with recent findings, it seems that capital 

structure theory is still far from complete as more and more new evidence emerges. 

Lemmon et al. (2008) document two features of the capital structure data that are 

not identified by previous studies, namely, capital structure convergence and 

persistence. They sort firms into quartiles each year in terms of their leverage ratios 

and plot the evolution of portfolio leverages in subsequent years. The graphs reveal 

that firms with relatively high (low) leverage tend to move toward more moderate 

levels of leverage; and despite the convergence, firms with initially high (low) 

leverage tend to maintain relatively high (low) leverage. They include the firm’s 

initial leverage in a leverage regression and find that initial leverage plays an essential 

role in the firm’s future leverage choices. They then turn to analysis of covariance 

(ANCOVA) and observe that the majority of the total variation in leverage is due to 

cross-sectional differences, as opposed to time-series variation. The authors argue that 

the firm’s active management of capital structure is the likely explanation for the 

convergence feature, while leaving the exploration of the source of the persistence 

feature to future research. However, the authors go one step further showing that the 

capital structure persistence can cast back to a firm’s IPO year or even the private 

stage of the firm’s evolution. 

  This study follows Lemmon et al. (2008) in an attempt to give a closer examination 

of the convergence and persistence features of capital structure. We follow their 

sample selection procedures as closely as possible and replicate their main findings 

first. In particular, we construct the graphs that present the evolution of leverage and 

perform the regression that incorporates initial leverage as one of the leverage 

determinants. Our empirical results are quantitatively similar to those of Lemmon et al. 
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(2008); both convergence and persistence features are fairly strong and initial leverage 

is highly significant in the regressions in our samples. Therefore, we do not question 

their empirical findings.  

  However, questions arise when we reevaluate their conclusions about the 

convergence feature. It is likely that the analysis of Lemmon et al. (2008) on capital 

structure convergence has fallen into a common fallacy in statistical analysis called 

the “regression fallacy”. To address this issue, we first examine the portfolio leverages 

before rather than after the portfolio formation year. If the convergence feature is real, 

portfolio leverages must have the same behavior no matter whether we look backward 

or forward. In sharp contrast, when the pre portfolio formation year leverage is 

examined, a divergence pattern is observed. Next, we examine one implication of 

capital structure convergence: if leverage ratios converge to a moderate level over 

time, their cross-sectional variance will decrease. We find evidence counter to this 

implication. We observe little decrease in the cross-sectional variance of leverage 

ratios over time. Taken together, the two tests provide strong evidence of the 

mechanical nature of the convergence pattern observed in our samples, as well as that 

documented in Lemmon et al. (2008).  

  Although capital structure convergence is not supported by our tests, capital 

structure persistence remains valid in our sample, confirming the argument of 

Lemmon et al. (2008) that there is a permanent component in leverage ratios. It is 

probable that the permanent component, together with the misclassification problem 

in portfolio construction, induces the convergence in capital structure. For example, if 

firms are sorted into quartiles according to the portfolio formation year leverage, it is 

highly probable that some firms are classified into the wrong portfolios. When the 

leverage ratios revert back to the permanent component over time, high and low 
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leverage portfolios are pushed to the centre, inducing the convergence of these 

portfolios. The middle two remain in the centre and have relatively stable leverage 

ratios. This misclassification argument explains the behavior of leverage portfolios 

and illustrates the mechanical nature of capital structure convergence. It has two 

noteworthy implications. Capital structure convergence will be more severe and initial 

leverage will be less significant for firms with high leverage ratio variance. We test 

the two implications through splitting the sample into subsamples with different levels 

of leverage ratio variance. The results are consistent with the implications, confirming 

the misclassification argument and cautioning against the regression method adopted 

in Lemmon et al. (2008) that relies on the role of initial leverage in making inferences 

on capital structure persistence. 

  To control for the mechanical convergence, we sort firms in terms of the time-series 

average of their leverage instead of the portfolio formation year leverage. When the 

firm’s average leverage across the sample period is adopted, we find that the 

convergence pattern disappears almost completely in the samples. However, caution 

must be exercised in interpreting the evidence, as the average leverage across the 

sample period is an ex-post measure. To address this issue, we perform the same 

operation using the firm’s average past leverage, which is an ex-ante measure. 

Although capital structure convergence does not disappear in this case, it is reduced 

significantly. In a further test, we incorporate average past leverage into the regression 

and observe that average past leverage plays a more significant role in the firm’s 

leverage choices than initial leverage. This evidence provides stronger support for 

capital structure persistence. 

  The rest of the paper is organized as follows. Section 2 describes the data. Section 3 

replicates the main results of Lemmon et al. (2008). Section 4 reinterprets the 
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evolution of leverage. Section 5 depicts the role of the time-series average of leverage. 

Section 6 proposes future research topics, and Section 7 concludes.  

 

2. Data 

This section gives a brief description of the sample selection as well as summary 

statistics. The primary sample consists of all firms in the merged COMPUSTAT/CRSP 

database. Following Lemmon et al. (2008), we restrict the sample period to 

1965-2003. Financial firms with SIC codes between 6000 and 6999 are excluded. 

Further, we require that all firm-years have nonmissing data for book assets and that 

the leverage ratios (both book and market) lie in the closed unit interval. All the other 

variables in the multivariate analysis are required to have nonmissing data and are 

winsorized at both the upper and lower one-percentile. Variable definitions are 

presented in Table 1.  

Table 2 presents the summary statistics for the entire sample (All Firms), the 

subsample of firms with at least 20 years of data (Survivors) and the subsample of the 

remaining firms (Non-Survivors). The Survivors sample is used to address the 

potential survivorship bias, since approximately 60% of the observations in the All 

Firms sample come from the Non-Survivors sample, which include firms with no 

more than 20 years of data.  

Comparison of the three samples reveals that firms in the Survivors sample tend to 

be large, mature firms. They have larger sales, fewer growth opportunities, greater 

profitability, more tangible assets, smaller cash flow volatility, and higher probability 

of paying dividends. These firms also tend to have higher leverage ratios, especially 

market leverage. Firms in the Non-Survivors sample are just in the opposite. These 

findings are consistent with previous studies on the determinants of leverage ratios 
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(Titman and Wessels (1980), Rajan and Zingales (1995), and Frank and Goyal 

(2007b)).  

The summary statistics also reveals the differing distribution of leverage ratios in 

the three samples. It can be seen from Table 2 that the standard deviation of leverage 

ratios for the Non-Survivors sample is larger than that of the other two samples, 

indicating the larger dispersion of leverage ratios in this sample. To explore the source 

of the dispersion, we plot the histogram of leverage ratios for the three samples 

separately and present the graphs in Figure 1. The graphs show that the leverage ratios 

in the Non-Survivors sample are much less concentrated that that of the other two 

samples and a larger fraction of observations in this sample have zero or extremely 

high leverage ratios. As most firms in the Non-Survivors sample are small, growth 

firms, it is not surprising that they tend to have extremely low or even zero leverage. 

Moreover, since firms in this sample have short lives, it is not surprising as well that a 

higher fraction of firms in this sample have extremely high leverage ratios as they 

approach bankruptcy. The summary statistics as well as the histogram caution against 

subsequent analysis on the All Firms sample with regard to the possible survivorship 

bias.  

 

3. Replication of Lemmon et al. (2008) 

Since the purpose of this study is to explore the source of capital structure 

convergence and persistence, the empirical tests begin with replicating the key results 

of Lemmon et al. (2008).  

 

3.1. The Evolution of Leverage 

The first remarkable finding of Lemmon et al. (2008) comes from their graphs 
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presenting the evolution of leverage portfolios in event time. The graphs are 

constructed in the following way: First, each calendar year, firms are sorted into 

quartiles according to their leverage ratios, denoted as: Very High, High, Medium, and 

Low. The portfolio formation year is denoted event year 0. Second, the average 

leverage for each portfolio is calculated in each of the subsequent 20 years, holding 

the portfolio composition constant unless a firm exits the sample. Third, the two steps 

of sorting and averaging are repeated for every year in the sample period. This process 

generates 39 sets of event time averages, one for each calendar year in the sample. 

Fourth, the average leverage of each portfolio across the 39 sets is computed and 

plotted in the figure by event year. 

  We perform the same exercise as Lemmon et al. (2008) and present the evolution of 

leverage portfolios for the All Firms sample in Panel A of Figure 2. Graph (I) shows 

that at the portfolio formation year, there is a large dispersion among the book 

leverage portfolios. The leverage of Very High is 53% while that of Low is only 3%, a 

difference of as high as 50%. In the following 10 years, the leverage of Very High 

drops sharply to 37% while that of Low increases to 16%, reducing the difference to 

only 21%. Afterwards, the speed of convergence declines remarkably and leaves a 

book leverage of 35% for Very High and 19% for Low, a difference of 17%. As to 

High and Medium, the leverage ratios remain fairly stable over time and lie between 

Very High and Low across the event period. The market leverage portfolios display a 

similar pattern in Graph (II).  

Two features of the graphs are worth noting. First, leverage ratios exhibit a 

significant amount of convergence over time. Both high and low leverage portfolios 

converge to a moderate level at the end of the event period. Furthermore, most of the 

convergence occurs in the first few years after the formation year. Afterwards, the 
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speed of convergence declines sharply. Second, despite the convergence, leverage 

ratios are remarkably persistent over time. All the leverage portfolios maintain their 

relative position during the whole event period. The order Very High, High, Medium 

and Low remains even after 20 years. 

  However, caution must be exercised in interpreting the evidence. As shown in 

Section 3, the Non-Survivors sample has a large fraction of observations with zero or 

extremely high leverage, most of which are classified into the Low portfolio or Very 

High portfolio. As firms in this sample exit the All Firms sample over time, the 

portfolio leverage of Very High must decrease while that of Low must increase, 

causing the convergence in leverage ratios. To address the potential survivorship bias 

depicted above, we repeat the same operations on the Survivors sample and present 

the graphs in Panel B of Figure 2. These graphs reveal negligible differences between 

the Survivors sample and the All Firms sample in terms of the evolution of leverage, 

demonstrating that survivorship bias is not the major driving force of the convergence 

and persistence features in capital structure.1 

  Lemmon et al. (2008) conclude from Figure 2 that there are two components in 

firms’ leverage ratios: a transitory component corresponding to capital structure 

convergence, and a permanent component corresponding to capital structure 

persistence. The authors argue that it is the permanent component only that makes 

leverage ratios persist in a largely time-invariant and at a firm-specific level. This 

argument contrasts with recent studies that emphasize the importance of time-varying 

leverage targets (e.g. Hovakimian et al. (2001), Fama and French (2002), Flannery 

and Rangan (2006), Lemmon et al. (2008), Huang and Ritter (2007), Flannery and 

Hankins (2007)). 

                                                        
1 In unreported results, we also replicate other robustness checks in Lemmon et al. (2008) and obtain similar 
results.  
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3.2. The Role of Initial Leverage 

The persistence of leverage ratios at a firm specific level implies that the firm’ future 

leverage ratio is closely related to its initial leverage ratio. To verify this implication, 

Lemmon et al. (2008) estimate the following regression specification: 

                Leverageit = α + βXit-1 + γLeveragei0 + νt + εit              (1) 

where i indexes firms, t indexes years, X is a set of control variables, Leveragei0 is 

firm i’s initial leverage, which is proxied by the first nonmissing value of leverage, ν 

is a year fixed effect, and ε is a random error term assumed to be possibly 

heteroskedastic and correlated within firms (Peterson (2008)). To avoid an identity at 

the initial year, the authors drop the first observation for each firm from the 

regression. 

We run the same regression as Lemmon et al. (2008) using pooled OLS2 and report 

the results in Table 3. The results for the All Firms sample are presented in Panel A. 

Column (I) shows that the coefficient of initial book leverage is both statistically and 

economically significant in a model consisting of solely initial book leverage. A one 

unit change in initial book leverage corresponds to an average change of 52% in 

future values of leverage. A more significant effect is found for market leverage. 

Column (III) shows that a one unit change in a firm’s initial market leverage leads to a 

change of as high as 60.9% in future market leverage. These results are consistent 

with the finding of Figure 2 with regard to capital structure persistence. 

  To control for the effect of leverage factors, we estimate the regression 

specification, including the one-period lagged value of leverage determinants. The 

results are presented in Columns (II) and (IV). Consistent with prior studies (Rajan 

                                                        
2 In unreported results, the same regression is performed using a Random Effects Panel method. The results are 
similar. 
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and Zingales (1995), Baker and Wurgler (2002), and Frank and Goyal (2003, 2007)), 

leverage ratios are found to be positively associated with firm size, tangibility and 

cash flow volatility of assets, and negatively associated with market-to-book ratio, 

profitability, and dividend payment. Also, industry median leverage plays an 

important role in the firm’s leverage choices, indicating leverage differences among 

industries. Nevertheless, inclusion of these leverage determinants does not have a 

large impact on the importance of initial leverage. Column (II) reveals that initial 

book leverage is highly significant and larger in magnitude than all the other 

determinants except for industry median leverage. A one unit change in a firm’s initial 

book leverage corresponds to an average change of 35.5% in future book leverage. 

Again, the effect is more significant for market leverage. A one unit change of initial 

market leverage corresponds to an average change of 37.2% in future market 

leverage. 

One concern with the interpretation is that initial leverage may simply proxy for 

leverage lagged only a few periods since some firms in the sample have a small 

number of time series observations. As a robustness check, the same regression 

specification is performed on the Survivors sample, which has an average number of 

time series observations of 28 years. The results are presented in Panel B of Table 3, 

where the reported findings are qualitatively similar to those of the All Firms sample. 

The regression results emphasize that initial leverage is an important determinant of 

future leverage, even after controlling for traditional sources of variation. These 

results confirm the finding of Figure 2 with regard to capital structure persistence. 

Lemmon et al. (2008) go one step further through showing that the persistence of 

leverage ratios on the firm specific level can be traced to the IPO year or even the 

firm’s private stage.  
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As to the source of capital structure convergence and persistence, the authors resort 

to firms’ active management of capital structure as the explanation of the convergence 

feature but do not offer an explanation for this persistence feature. This leaves two 

open questions for future research: What determines the initial choice of leverage? 

And what is the driving force behind the persistence on the initial choice? 

 

4. Reinterpreting the Evidence 

Section 3.1 has described the two most remarkable findings of Lemmon et al. (2008), 

namely, capital structure convergence and persistence. However, it seems from the 

history of statistics that the analysis of Lemmon et al. (2008) fall into a common 

fallacy in statistical analysis called the “regression fallacy”.3 The fallacy often arises 

when the sample is first split into high-value and low-value subsamples and the 

subsamples are then analyzed separately.  

 

4.1. Tests of the Regression Fallacy  

A classic example of the fallacy is Secrist (1933). The author begins with analyzing 

the profitability of 49 department stores. He first divides the stores in the sample into 

four equal groups based on the initial year profitability and then calculates average 

profitability of these groups over time – a method almost identical to that of Lemmon 

et al. (2008). He finds a remarkable tendency of the group profitability to converge 

toward the overall average. The author repeats the analysis on a large number of other 

industrial times series and observes the same pattern. He concludes that American 

business was actually converging toward mediocrity.  

However, Hotelling (1933) points out in a review of Secrist’s (1933) work that the 

                                                        
3 Detailed illustration of the fallacy can be found in Friedman (1992), Stigler (1997), and Becker and Greene 
(2001). We appreciate Stephen Brown for referring us the literature. 
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apparent convergence of the group averages is a statistical accident, resulting from the 

method of grouping. Since the groups are formed by possibly extreme values, the 

average value of each group will converge to a moderate level as the individual values 

regress to the mean. If the groups are formed by the values in the last year rather than 

the first year, the graphs will exhibit divergence rather than convergence. Hotelling 

(1933, p464) concludes that “these diagrams really prove nothing more than that the 

ratios in question have a tendency to wander about”. He points out further that the real 

evidence of a tendency to convergence is a decreasing cross-sectional variance, not 

among group averages, but among individual values. Other examples of the regression 

fallacy in economic literature include Sharpe (1985) and Baumol et al. (1989). 

To address the statistical issues of capital structure convergence, we follow the 

suggestions of Hotelling (1933) and create new graphs with the portfolio formation 

year being the last year of the event period rather than the first year. The graphs are 

constructed in the same way as those in Figure 2 except for the second step: we 

examine the average leverage for each portfolio in each of the previous 20 years, 

instead of the subsequent 20 years, holding the portfolio composition constant unless 

a firm has not entered the sample. If the capital structure convergence in Lemmon et 

al. (2008) is a statistical fallacy, the new graphs will exhibit divergence rather than 

convergence. The graphs are presented in Figure 3. As expected, although the 

leverage portfolios still exhibit persistence and are much more volatile, they diverge 

to more extreme values over the event time rather than converge to a moderate level. 

The observed divergence casts doubt on the validity of the conclusion of capital 

structure convergence. It seems from Figures 2 and 3 that the greatest dispersion 

among leverage portfolios is always observed at the portfolio formation year.4  

                                                        
4 In unreported results, we present the portfolio leverage of both the previous and subsequent 10 years of the 
portfolio formation year and find evidence consistent with the argument. The greatest dispersion among leverage 
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Next, we investigate the evolution of the cross-sectional variance of leverage ratios 

among individual firms. To ensure consistency with Figure 2, we construct the graphs 

in the following manner: First, a portfolio is formed each calendar year, including all 

the firms in that year. The portfolio formation year is denoted event year 0. Second, 

cross-sectional variance of leverage ratios are calculated in each of the subsequent 20 

years, holding the portfolio composition constant unless a firm exits the sample. Third, 

the calculation is repeated for every year in the sample period. This process generates 

39 sets of event time variances, one for each calendar year in the sample. Fourth, the 

average variance of the portfolio across the 39 sets is computed and plotted in the 

figure by event year. The generated graphs are presented in Figure 4.  

Panel A shows that the variance of both book and market leverage of the All Firms 

sample decline slightly over time. It seems that the documented decline provides some 

supporting evidence for capital structure convergence. However, caution must be 

exercised in interpreting the evidence. As shown in Section 3, the Non-Survivors 

sample, which contains firms with short lives and extreme leverage ratios, constitutes 

a large fraction of observations to the All Firms sample. When firms in this sample 

exit the portfolios over event time, the cross-sectional variance of leverage ratios must 

decrease. Therefore, it is likely that the observed decline in Panel A is induced by the 

survivorship bias. To address this issue, we perform the same exercise on the 

Survivors sample, which suffers less from the survivorship bias. The graph is 

presented in Panel B and reveals that the cross-sectional variance of this sample is 

fairly stable and does not have any decreasing trend. The graphs provide evidence 

against the validity of the convergence feature in capital structure, at least in the 

Survivors sample. From the above tests, it is highly probable that the analysis of 
                                                                                                                                                               
portfolios appears at the portfolio formation year. No matter we move forward or backward, the dispersion 
decreases, leading to divergence before the portfolio formation year and convergence after the portfolio formation 
year. 
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Lemmon et al. (2008) in Figure 1 falls into the same regression fallacy as does Secrist 

(1933). 

 

4.2. The Misclassification Argument and Its Implications 

The tests in Section 4.1 demonstrate that the convergence feature in Figure 1 is 

illusory. We will illustrate briefly why this happens in the following. As verified in 

Lemmon et al. (2008), there is a permanent component in capital structure, and 

leverage ratios persist on and fluctuate around it over time. However, at each portfolio 

formation year, the leverage ratio is not necessarily equal to the permanent component. 

Rather, it may be far larger or smaller. The consequence of sorting firms based on the 

portfolio formation year values is a misclassification of firms which results in 

convergence of the portfolio averages. The event year averaging method in Lemmon 

et al. (2008) magnifies the convergence further as the misclassification problem 

occurs each calendar year. 

Take the Very High portfolio for example, although our intention is to include all 

the firms with the highest leverage ratio in this portfolio, we may include some firms 

with high leverage in the portfolio formation year but low permanent component and 

miss some firms with low leverage in the portfolio formation year but high permanent 

component. Because the Very High portfolio lies in the higher margin, the 

misclassification only occurs at its lower boundary. When we move away from the 

portfolio formation year (no matter forward or backward), the regression of the 

leverage ratio towards the permanent component generates a single force that pushes 

the portfolio leverage downward. Since the regression is a short-term phenomenon, 

most of the convergence or divergence occurs in the first few years around the 

portfolio formation year. The same principle applies to the Low portfolio but in an 
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opposite direction. As to the High portfolio and the Medium portfolio, since they lie in 

the center, the misclassification occurs at both their higher and lower boundaries. The 

regression of the leverage ratio towards the permanent component generates two 

forces, one pushes the portfolio leverage up and the other pushes it down. The two 

forces cancel out each other, resulting in the relatively stable portfolio leverage of the 

High portfolio and the Medium portfolio. 

One immediate implication of the misclassification argument is that capital 

structure convergence will be more significant for firms with a higher leverage ratio 

variance, since the more volatile the leverage ratio is, the higher probability that the 

portfolio formation year value is extreme and hence more misclassification problems 

will occur. In an attempt to test this implication, we split the All Firms sample into 

two subsamples with equal number of firms in terms of the leverage ratio variance of 

individual firms. We construct graphs for the subsamples separately in the same 

manner as that used to construct Figure 2. The graphs are presented in Figure 5 and 

confirm the implication. It can be seen from Graphs (I) and (II) of Panel A that the 

convergence among portfolios is remarkably significant whereas little persistence is 

observed for the subsample of firms with high leverage ratio variance. The High 

portfolio and Medium portfolio even switch their relative level at the end of the event 

period. In sharp contrast, Graphs (III) and (IV) of Panel A show that the leverage 

ratios of the subsample of firms with low leverage ratio variance are fairly persistent. 

Only slight convergence is observed among the leverage portfolios. The graphs for the 

Survivors sample are presented in Panel B and exhibit similar patterns.  

Another implication of the misclassification argument is related to the regression 

specification in Lemmon et al. (2008). Not only the portfolio formation year leverage, 

but also the initial leverage, which is proxied for by the first nonmissing value of 
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leverage, is more likely to be extreme for firms with a higher leverage ratio variance. 

This results in the negative relationship between the significance of initial leverage 

and the leverage ratio variance. To verify the implication, we split the samples into 

four subsamples5 with equal number of firms in terms of the leverage ratio variance of 

individual firms and perform the same regression specification as Equation (1) on the 

subsamples separately. The regression results are presented in Table 4. The results of 

the All Firms sample in Panel A show that even after controlling for firm 

characteristics, both the coefficient and the statistical significance of initial leverage 

(both book and market) decrease sharply as the leverage ratio variance increases. The 

R-squared of the regression decreases markedly as well, depicting the declining 

explanatory power of the initial leverage and other determinants for high leverage 

ratio variance firms. Regression results of the Survivors sample are presented in Panel 

B and are quantitatively similar. 

  The evidence documented above suggests caution in adopting the methods in 

Lemmon et al. (2008) to make inferences regarding capital structure convergence and 

persistence. In the 2006 version of Chang and Dasgupta (2008), the authors replicate 

the graphs in Lemmon et al. (2008) with regard to the evolution of leverage ratios6 for 

the actual data as well as simulated samples. They find that capital structure 

persistence disappears only in the simulated sample in which the financing deficit and 

change in retained earnings are drawn randomly and firms finance the deficit by a 

coin toss7. The leverage portfolios in the random deficit sample converge rapidly and 

become almost indistinguishable at the end of the event period. They then exercise the 

same regression specification as Equation (1) on the random deficit sample as a 

double check and find that the significance of initial leverage is far smaller for this 
                                                        
5 The sample is split into four subsamples rather than two as in Figure 5 to give more convincing evidence.  
6 Figure 2 in the current study. 
7 The probability of debt to equity financing is 0.5 to 0.5. 

 17

1563



sample than for the actual data as well as other simulated samples generated with the 

actual deficit. The initial leverage becomes even insignificant in the random deficit 

sample when the first 20 years are excluded from the regression. The authors 

conclude that the firm-specific component in the financing deficit and change in 

retained earnings is most likely to be the source of the capital structure persistence. 

However, it seems from the evidence presented in Figure 6 and Table 4 that the 

weakening persistence in the random deficit sample is more likely due to the 

increasing leverage ratio variance, as the authors show subsequently that the variance 

of the leverage ratios in the random deficit sample is much higher than that in all the 

other samples.  

Tests of the regression fallacy and the misclassification argument demonstrate the 

mechanical nature of capital structure convergence. This raises serious question 

regarding the argument of Lemmon et al. (2008) that the convergence in leverage 

ratios comes from the firm’ active management of capital structure. As Friedman 

(1992, p2131) states “I suspect that the regression fallacy is the most common fallacy 

in the statistical analysis of economic data”, it is likely that this fallacy also occurs in 

other financial literature. We leave this task to future research.  

 

5. The Role of Average Leverage 

Section 4 demonstrates the mechanical nature of capital structure convergence and 

attribute to the misclassification of firms as its source. In this section, we will 

introduce a sorting method based on the time-series average of leverage that is able to 

control for the mechanical convergence. 

 

5.1. The Evolution of Leverage Revisited 
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Since the leverage ratio has a permanent component and fluctuates around it, one 

strategy to avoid the misclassification problem is to sort firms in terms of the 

permanent component instead of the portfolio formation year leverage. Because the 

permanent component is not directly observable, we employ the firm’s average 

leverage across the sample period as the proxy. This is motivated by early studies that 

adopt average leverage as leverage targets (Taggart (1977), Marsh (1982), Jalilvand 

and Harris (1984), and Shyam-Sunder and Myers (1999)). We reconstruct Figure 2 but 

with a slight difference in the first step: each calendar year, we sort firms into 

quartiles according to their average leverage across the sample period, rather than the 

leverage in the portfolio formation year. The graphs of the average leverage portfolios 

are presented in Figure 6.  

Panel A shows that capital structure convergence almost disappears while capital 

structure persistence is retained in the All Firms sample, as the portfolio leverages are 

nearly parallel across the sample period. Although slight convergence is still observed, 

it comes from the survivorship bias illustrated in Sections 2 and 3. Since firms in the 

Non-Survivors sample tend to have extremely high or low leverage, the portfolio 

leverages must converge as these firms exit the All Firms sample, even if the 

mechanical convergence sources from the regression fallacy is controlled for. The 

graphs in Panel B provide some supporting evidence for this argument. These graphs 

show that capital structure convergence is even harder to be observed in the Survivors 

sample, which suffers less from the survivorship bias.8 

The ability of the new sorting method to control for the mechanical convergence 

enables us to isolate the persistence pattern so that its real source can be identified. In 

Figure 6, capital structure persistence nearly vanishes in the subsample of firms with 

                                                        
8 In unreported results, we also reconstruct the graphs with regard to the history of leverage (Figure 3) using the 
new sorting method. The divergence feature disappears as well. 
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high leverage ratio variance. However, it is not clear whether the disappearing 

persistence in the graphs is real or just comes from the dominance of convergence 

over persistence; that is, the mechanical convergence is so strong that it covers the 

persistence feature. To distinguish between the two possibilities, we reconstruct 

Figure 6 using the new sorting method and present the graphs in Figure 7. In the 

graphs of both high and low leverage variance subsamples, little convergence is 

observed while persistence becomes the sole pattern, suggesting that the disappearing 

persistence in the subsample of firms with high leverage ratio variance depicted in 

Figure 5 is the result of the dominance of convergence over persistence. In fact, 

capital structure persistence still exists.  

However, one problem of the new sorting method is that the average leverage 

across the sample period is an ex-post measure; it can only be calculated after the 

leverage ratios are realized. To address this issue, we employ the firm’s average past 

leverage as the sorting measure and reconstruct Figure 2. The graphs are presented in 

Figure 8 and reveal some interesting findings. Compared with Figure 2, the new 

graphs exhibit much less capital structure convergence. Take Graph (I) of Panel A for 

example, the difference between the Very High portfolio and Low portfolio at event 

time 0 is around 33%, much smaller than that of the corresponding graph in Figure 2 

(50%), while the difference between the two portfolios at event year 20 is about 17%, 

similar to that of the corresponding graph (15%). The flatter portfolio leverages across 

the event time indicates the reduced mechanical convergence under this sorting 

measure.  

Although adopting average past leverage does not remove the mechanical 

convergence completely, it reduces the convergence to some extent. The remaining 

convergence comes from the poor performance of the average past leverage as the 
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proxy for the permanent component of leverage ratios in the early period, especially 

the first several years. In unreported results, we repeat the same operations for t ree 

samples in which the first three, five and ten observations are dropped, respectively. 

They show that capital structure convergence decreases as the number of observations 

dropped increases, confirming the above argument.  

 

5.2. Regression with Average Leverage 

Despite its ability to remove the mechanical convergence, the role of time-series 

average of leverage in the firm’s leverage choices is still unclear. However, because 

average leverage across the sample period is an ex-post measure and can not be used 

for prediction purposes, we quantify the economic importance of average past 

leverage instead. We perform a regression specification similar to Equation (1): 

                Leverageit = α + βXit-1 + γLeverageiAV + νt + εit             (2) 

where LeverageiAV is firm i’s average past leverage. All the other variables are as 

defined in Equation (1). The first three observations of each firm are dropped.  

The regression is performed using pooled OLS9 and the results are shown in Table 

5. Column (I) of Panel A shows that the average past book leverage for the All Firms 

sample is highly significant in a model consisting of solely average book leverage. 

The change in leverage ratios corresponding to the change in average past book 

leverage is nearly one for one. Inclusion of the leverage ratio determinants does little 

to the statistical or economical significance of average past book leverage. As shown 

in Column (II), the average book leverage has absolute dominance over all the other 

determinants. The same phenomenon is observed in the market leverage of the All 

Firms sample, as well as for both the book and market leverage of the Survivors 

                                                        
9 The same regression is performed using a Random Effects Panel method. The results are quantitatively the same. 
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sample.  

Compared with those in Table 3, the results in Table 5 confirm the finding that 

average past leverage is more relevant to the time series of the leverage ratio than 

initial leverage, which is more likely to be influenced by extreme values. Take 

Columns (I) and (II) of Panel A from both tables for example. The coefficient of the 

average leverage is almost twofold that of the initial leverage in the model consisting 

of solely these two variables. The R-squared of the average past leverage regression 

(0.49) is also much larger than that for the initial leverage regression (0.25). Moreover, 

including other control factors has a far smaller effect on the importance of the 

average leverage than that of the initial leverage. The inclusion of additional factors 

reduces the coefficient of the average leverage by only 9% while that of the initial 

leverage is reduced by 68%. Also, the inclusion of these factors increases the 

R-squared of the average past leverage regression by 4% while that of the initial 

leverage regression is increased by 28%.  

Motivated by the misclassification argument, we propose a sorting method based 

on the time-series average of leverage. This sorting method is able to reduce the 

mechanical convergence. Regression evidence also shows that average past leverage 

plays an important role in a firm’s future leverage choices. This confirms the 

argument of Lemmon et al. (2008) with regard to capital structure persistence and 

provides stronger evidence against recent partial adjustment models that adopt time 

varying targets.  

 

6. Future Research 

Capital structure convergence is proven to be mechanical in Section 4, whereas capital 

structure persistence remains a mystery. In this section, we will propose two possible 
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driving forces of the persistence feature.  

  The first one is persistence of leverage determinants. As shown in Figure 3 and 

Table 3, capital structure persistence still remains even after controlling for leverage 

determinants. However, this does not imply that the leverage determinants contribute 

little to the persistence of leverage ratios. Our preliminary tests show that leverage 

determinants such as market-to-book, profitability, tangibility etc. are also persistent 

and the persistence of leverage determinants is closely related to the persistence of 

leverage ratios. The contribution of leverage determinants to capital structure 

persistence will be quantified in future research. 

  The second one is mechanical mean reversion. Chen and Zhao (2007) and Chang 

and Dasgupta (2008) document the mechanical mean reversion in leverage ratios, 

which may also contribute to capital structure persistence. We leave a detailed 

investigation of this issue to future research. 

 

7. Conclusion 

We show in this study that the capital structure convergence documented in Lemmon 

et al. (2008) is likely due to a common statistical fallacy called the “regression 

fallacy”. We replicate their results and conduct tests on the observed convergence in 

our sample. More specifically, if capital structure convergence is real, it will remain 

whether the pre or post portfolio formation year leverage is examined. Also, the 

cross-sectional variance of leverage ratios will decrease over time. The test results 

support none of the above implications, instead supporting the argument that the 

convergence feature documented in our sample is mechanical in nature. In fact, the 

mechanical convergence sources from the permanent component in leverage ratios 

and the misclassification problem in portfolio construction. We test the implications of 
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the misclassification argument and find consistent evidence. Next, we propose a 

method in which firms are sorted in terms of the time-series average of leverage rather 

than the portfolio formation year leverage. The reduced convergence under the new 

method confirms the mechanical nature of capital structure convergence in our 

samples. Subsequent regressions demonstrate the role of average past leverage in the 

firm’s future leverage choices.  

  The evidence in this study cautions against studies that adopt similar sorting 

methods as in Lemmon et al. (2008) in portfolio construction. A detailed investigation 

on this issue is necessary and will be conducted in future research. The evidence also 

cautions against the regression method in Lemmon et al. (2008) that relies on initial 

leverage in making inferences on capital structure persistence. Further research on this 

topic will be conducted in the future. 
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Figure 1 
Histogram of Leverage Ratios 

 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the histogram of leverage ratios 
for firms in three samples. Panel A presents graphs for the entire sample (All Firms); 
Panel B presents graphs for firms with at least 20 years of data (Survivors); and Panel 
C presents graphs for the remaining firms (Non-Survivors). 
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Panel C: Non-Survivors 
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Figure 2 
Evolution of Leverage  

(Sorted by Portfolio Formation Year Leverage) 
 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the average leverage of four 
portfolios in event time. For each calendar year, we form four portfolios by ranking 
firms based on their leverage ratios. Holding the portfolios fixed for the next twenty 
years, we compute the average leverage for each portfolio. Panel A presents graphs for 
the entire sample (All Firms); Panel B presents graphs for firms with at least 20 years 
of data (Survivors).  
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Figure 3 
History of Leverage  

(Sorted by Portfolio Formation Year Leverage) 
 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the average leverage of four 
portfolios in event time. For each calendar year, we form four portfolios by ranking 
firms based on their leverage. Holding the portfolios fixed for the previous twenty 
years, we compute the average leverage for each portfolio. Panel A presents graphs for 
the entire sample (All Firms); Panel B presents graphs for firms with at least 20 years 
of data (Survivors).  
 
Panel A: All Firms 

(I)                                (II) 

0
.1

.2
.3

.4
.5

P
or

tfo
lio

 L
ev

er
ag

e

-20 -15 -10 -5 0
Event Time (Years)

Low Leverage Medium Leverage
High Leverage Very High Leverage

Book Leverage Portfolios

0
.2

.4
.6

P
or

tfo
lio

 L
ev

er
ag

e

-20 -15 -10 -5 0
Event Time (Years)

Low Leverage Medium Leverage
High Leverage Very High Leverage

Market Leverage Portfolios
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Figure 4 
Evolution of Cross-sectional Variance of Leverage 

 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the cross-sectional variance of 
leverage portfolios in event time. For each calendar year, we form a portfolio that 
exists in that year. Holding the portfolio fixed for the next twenty years, we compute 
the cross-sectional variance of leverage ratios for each portfolio. Panel A presents 
graphs for the entire sample (All Firms); Panel B presents graphs for firms with at 
least 20 years of data (Survivors);  
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Figure 5 
Evolution of Leverage for Leverage Variance Subsamples 

(Sorted by Portfolio Formation Year Leverage) 
 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the average leverage of four 
portfolios in event time. The samples are split into two subsamples with equal number 
of firms in terms of the cross-sectional variance of leverage ratios. For each 
subsample, we form four portfolios by ranking firms based on their leverage ratios in 
each calendar year. Holding the portfolios fixed for the next twenty years, we compute 
the average leverage for each portfolio. Panel A presents graphs for the subsamples of 
the entire sample (All Firms); Panel B presents graphs for the subsamples of firms 
with at least 20 years of data (Survivors).  
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Panel B: Survivors 
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Figure 6 
Evolution of Leverage  

(Sorted by Average Leverage across the Sample Period) 
 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the average leverage of four 
portfolios in event time. For each calendar year, we form four portfolios by ranking 
firms based on their average leverage across the sample period. Holding the portfolios 
fixed for the next twenty years, we compute the average leverage for each portfolio. 
Panel A presents graphs for the entire sample (All Firms); Panel B presents graphs for 
firms with at least 20 years of data (Survivors).  
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Figure 7 
Evolution of Leverage for Leverage Variance Subsamples 
(Sorted by Average Leverage across the Sample Period) 

 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the average leverage of four 
portfolios in event time. The samples are split into two equal subsamples in terms of 
the cross-sectional variance of leverage ratios. For each subsample, we form four 
portfolios by ranking firms based on their average leverage across the sample period 
in each calendar year. Holding the portfolios fixed for the next twenty years, we 
compute the average leverage for each portfolio. Panel A presents graphs for the 
subsamples of the entire sample (All Firms); Panel B presents graphs for the 
subsamples of firms with at least 20 years of data (Survivors).  
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Panel B: Survivors 
(I)                                (II) 
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Figure 8 
Evolution of Leverage  

(Sorted by Average Past Leverage) 
 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. Each graph presents the average leverage of four 
portfolios in event time. For each calendar year, we form four portfolios by ranking 
firms based on their average leverage across all the years before the portfolio 
formation year. Holding the portfolios fixed for the next twenty years, we compute the 
average leverage for each portfolio. The first three observations of each firm are 
dropped. Panel A presents graphs for the entire sample (All Firms); Panel B presents 
graphs for firms with at least 20 years of data (Survivors).  
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Table 1 
Variable Construction 

 
This table details the variable definitions. Italic refers to variable name and numbers 
in parentheses refer to the annual Compustat item number.  
 
Variable Definition 

Total Debt Short-term Debt (data34) + Long-term Debt (data9) 

Book Lev. Total Debt / Book Assets (data6) 

Market Equity Stock Price (data199) * Shares Outstanding (data54) 

Market Lev. Total Debt / (Total debt + Market Equity) 

Size Log (Total Sales (data12)), where Total Sales is deflated to 
2000 dollars. 

Market-to-Book (Market Equity + Total Debt + Preferred Stock (data10) – 
Deferred Tax Credit (data35)) / Book Assets (data6) 

Profitability Operating Income before Depreciation (data13) / Book Assets 
(data6) 

Tangibility Net PPE (data8) / Book Assets (data6) 

Industry Median Lev. Median leverage of industries defined by three-digit SIC 
codes. 

Cash Flow Volatility Standard deviation of Profitability, requiring at least three 
years of data. 

Dividend Common Dividend (data21) + Preferred Dividend (data19) 

Dividend Payer Dummy variable equal to one if Dividend is nonmissing and 
positive, and zero otherwise. 
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Table 2  
Summary Statistics 

 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. The table presents the mean, median and standard 
deviation (SD) of each variable for the entire sample (All Firms), the subsample of 
firms with at least 20 years of data (Survivors), and the subsample of remaining firms 
(Non-Survivors). 
 
Panel A: All Firms 
 Mean Median SD 
Book Lev. 0.25 0.23 0.20 
Market Lev. 0.28 0.23 0.25 
Log(Sales) 4.79 4.86 2.32 
Market-to-Book 1.51 0.98 1.60 
Profitability 0.07 0.12 0.22 
Tangibility 0.34 0.28 0.24 
Cash Flow Vol. 0.11 0.07 0.15 
Dividend Payer 0.50 1.00 0.50 
No. of Obs. 171,656 
 
Panel B: Survivors 
 Mean Median SD 
Book Lev. 0.26 0.25 0.18 
Market Lev. 0.31 0.27 0.24 
Log(Sales) 5.83 5.84 2.03 
Market-to-Book 1.21 0.89 1.10 
Profitability 0.13 0.14 0.11 
Tangibility 0.38 0.32 0.24 
Cash Flow Vol. 0.08 0.06 0.07 
Dividend Payer 0.72 1.00 0.45 
No. of Obs. 71,536 
 
Panel C: Non-Survivors 
 Mean Median SD 
Book Lev. 0.25 0.21 0.22 
Market Lev. 0.26 0.19 0.26 
Log(Sales) 4.05 4.19 2.23 
Market-to-Book 1.73 1.08 1.86 
Profitability 0.03 0.1 0.26 
Tangibility 0.31 0.24 0.24 
Cash Flow Vol. 0.14 0.08 0.18 
Dividend Payer 0.35 0.00 0.48 
No. of Obs. 100,120 
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Table 3 
The Effect of Initial Leverage 

 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. The table presents the coefficients from Pooled OLS 
regressions of book and market leverage. Panel A present results using the entire 
sample (All Firms); Panel B present results using a subsample of firms with at least 
20 years of data (Survivors). Year Fixed Effects denote whether calendar year fixed 
effects are included in the specification. The t-statistics are computed using standard 
errors robust to both clustering at the firm level and heteroskedasticity. Variable 
definitions are presented in Table 1.  
 
Panel A: All Firms 
 Book Leverage Market Leverage 
 (I) (II) (III) (IV) 
Initial Lev. 0.520 0.356 0.609 0.370 
 (201.53)** (116.63)** (213.42)** (113.96)** 
Size  0.007  0.011 
  (23.88)**  (32.59)** 
Market-to-Book  -0.009  -0.036 
  (-25.11)**  (-95.38)** 
Profitability  -0.148  -0.219 
  (-40.45)**  (-59.40)** 
Tangibility  0.094  0.088 
  (39.70)**  (33.18)** 
Industry Median Lev.  0.380  0.389 
  (70.98)**  (86.00)** 
Cash Flow Vol.  -0.028  -0.074 
  (-5.03)**  (-12.80)** 
Dividend Payer  -0.038  -0.054 
  (-33.15)**  (-39.34)** 
Year Fixed Effects No Yes No Yes 
No. of Obs. 139,410 139,410 139,410 139,410 
R2 0.25 0.32 0.25 0.41 
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Panel B: Survivors 
 Book Leverage Market Leverage 
 (I) (II) (III) (IV) 
Initial Lev. 0.444 0.277 0.527 0.297 
 (125.66)** (69.32)** (121.17)** (66.71)** 
Size  0.009  0.014 
  (25.54)**  (29.26)** 
Market-to-Book  -0.009  -0.044 
  (-12.76)**  (-51.53)** 
Profitability  -0.274  -0.485 
  (-32.47)**  (-46.15)** 
Tangibility  0.081  0.079 
  (25.31)**  (21.41)** 
Industry Median Lev.  0.38  0.381 
  (51.25)**  (62.46)** 
Cash Flow Vol.  -0.043  -0.093 
  (-2.94)**  (-4.85)** 
Dividend Payer  -0.04  -0.056 
  (-22.39)**  (-26.21)** 
Year Fixed Effects No Yes No Yes 
No. of Obs. 66,211 66,211 66,211 66,211 
R2 0.22 0.33 0.20 0.44 
* Significant at 95% level 
** Significant at 99% level 
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Table 4 
The Effect of Initial Leverage for Leverage Variance Subsamples  

 
The original sample is all firms except financial firms in the merged Compustat/Crsp database during 1965 and 2003. The samples are split into 
four subsamples with equal number of firms in terms of the cross-sectional variance of leverage ratios. The table presents the coefficients from 
Pooled OLS regressions of book and market leverage for each subsample. Panel A present results using the entire sample (All Firms); Panel B 
present results using a subsample of firms with at least 20 years of data (Survivors). Year Fixed Effects denote whether calendar year fixed 
effects are included in the specification. The t-statistics are computed using standard errors robust to both clustering at the firm level and 
heteroskedasticity. Variable definitions are presented in Table 1.  
 
Panel A: All Firms  
 Book Leverage Market Leverage 
 (I) (II) (III) (IV) (V) (VI) (VII) (VIII) 
 Low Var. Median Var. High Var. Very High Var. Low Var. Median Var. High Var. Very High Var. 
Initial Lev. 0.785 0.492 0.303 0.064 0.826 0.526 0.275 0.057 
 (204.82)** (103.19)** (63.46)** (11.10)** (174.27)** (102.42)** (54.15)** (8.90)** 
Size 0.007 0.006 0.007 0.013 0.006 0.011 0.010 0.018 
 (30.65)** (16.20)** (14.01)** (16.40)** (23.89)** (21.96)** (16.23)** (21.23)** 
Market-to-Book -0.002 -0.006 -0.010 -0.012 -0.004 -0.024 -0.047 -0.060 
 (-8.94)** (-11.41)** (-15.37)** (-14.39)** (-24.23)** (-32.58)** (-40.00)** (-39.82)** 
Profitability -0.066 -0.130 -0.148 -0.179 -0.053 -0.213 -0.298 -0.339 
 (-27.94)** (-23.45)** (-23.01)** (-25.26)** (-28.15)** (-30.62)** (-33.40)** (-30.41)** 
Tangibility 0.025 0.045 0.083 0.136 0.040 0.078 0.086 0.139 
 (10.87)** (13.48)** (20.89)** (24.20)** (15.10)** (21.30)** (18.66)** (22.82)** 
Ind. Med. Lev. 0.131 0.265 0.348 0.389 0.071 0.278 0.327 0.333 
 (25.83)** (34.44)** (38.05)** (31.67)** (14.27)** (42.78)** (40.49)** (33.90)** 
Cash Flow Vol. -0.042 -0.152 -0.119 -0.071 -0.004 -0.080 -0.187 -0.123 
 (-11.02)** (-16.41)** (-10.81)** (-7.72)** (-1.44) (-5.70)** (-15.24)** (-9.50)** 
Dividend Payer -0.010 -0.024 -0.029 -0.039 -0.009 -0.027 -0.045 -0.035 
 (-9.36)** (-15.07)** (-15.21)** (-13.79)** (-7.70)** (-12.67)** (-18.83)** (-11.77)** 
Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Obs. 32,702 36,548 36,380 33,780 32,093 36,128 36,310 34,879 
R2 0.85 0.53 0.28 0.12 0.79 0.59 0.36 0.24 
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Panel B: Survivors 
 Book Leverage Market Leverage 
 (I) (II) (III) (IV) (V) (VI) (VII) (VIII) 
 Low Var. Median Var. High Var. Very High Var. Low Var. Median Var. High Var. Very High Var. 
Initial Lev. 0.553 0.344 0.224 0.085 0.624 0.373 0.189 0.093 
 (86.49)** (52.08)** (36.28)** (10.84)** (80.39)** (46.06)** (25.95)** (10.83)** 
Size 0.008 0.009 0.009 0.013 0.011 0.013 0.009 0.021 
 (21.55)** (16.08)** (12.22)** (13.33)** (23.39)** (17.08)** (9.95)** (18.36)** 
Market-to-Book 0.000 0.000 -0.012 -0.013 -0.008 -0.034 -0.060 -0.069 
 (-0.23) (-0.44) (-10.91)** (-8.54)** (-15.90)** (-18.08)** (-23.39)** (-26.35)** 
Profitability -0.228 -0.275 -0.215 -0.295 -0.259 -0.492 -0.529 -0.527 
 (-26.04)** (-21.73)** (-15.09)** (-19.05)** (-31.55)** (-21.73)** (-26.02)** (-23.44)** 
Tangibility 0.068 0.045 0.064 0.108 0.125 0.116 0.088 0.094 
 (16.65)** (8.80)** (11.60)** (13.74)** (27.08)** (19.56)** (13.35)** (10.07)** 
Ind. Med. Lev. 0.151 0.303 0.467 0.405 0.187 0.313 0.336 0.343 
 (16.65)** (25.98)** (37.23)** (23.53)** (26.31)** (30.90)** (28.62)** (25.14)** 
Cash Flow Vol. -0.404 -0.409 -0.072 -0.087 -0.213 -0.002 -0.342 -0.125 
 (-18.55)** (-14.58)** (-2.54)* (-3.96)** (-12.61)** (-0.04) (-11.94)** (-4.28)** 
Dividend Payer 0.005 -0.013 -0.025 -0.048 -0.009 -0.006 -0.043 -0.051 
 (2.11)* (-4.49)** (-8.95)** (-13.34)** (-3.80)** (-1.39) (-11.82)** (-12.26)** 
Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes 
No. of Obs. 16,631 16,659 16,570 16,351 16,623 16,632 16,556 16,400 
R2 0.78 0.50 0.30 0.15 0.76 0.57 0.38 0.27 
* Significant at 95% level 
** Significant at 99% level 
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Table 5 
The Effect of Average Past Leverage 

 
The original sample is all firms except financial firms in the merged Compustat/Crsp 
database during 1965 and 2003. The table presents the coefficients from Pooled OLS 
regressions of book and market leverage. Panel A present results using the entire 
sample (All Firms); Panel B present results using a subsample of firms with at least 
20 years of data (Survivors). Year Fixed Effects denote whether calendar year fixed 
effects are included in the specification. The t-statistics are computed using standard 
errors robust to both clustering at the firm level and heteroskedasticity. Variable 
definitions are presented in Table 1.  
 
Panel A: All Firms 
 Book Leverage Market Leverage 
 (I) (II) (III) (IV) 
Average Past Lev. 0.841 0.765 0.900 0.769 
 (342.56)** (226.63)** (383.08)** (232.16)** 
Size  0.004  0.006 
  (16.22)**  (20.54)** 
Market-to-Book  -0.005  -0.023 
  (-12.22)**  (-59.64)** 
Profitability  -0.124  -0.187 
  (-30.13)**  (-45.90)** 
Tangibility  0.045  0.047 
  (20.19)**  (18.31)** 
Industry Median Lev.  0.137  0.15 
  (26.64)**  (34.08)** 
Cash Flow Vol.  -0.002  -0.005 
  (-0.37)  (-0.8) 
Dividend Payer  -0.016  -0.038 
  (-15.03)**  (28.93)** 
Year Fixed Effects No Yes No Yes 
No. of Obs. 112,915 112,915 112,915 112,915 
R2 0.49 0.51 0.51 0.57 
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Panel B: Survivors 
 Book Leverage Market Leverage 
 (I) (II) (III) (IV) 
Average Past Lev. 0.816 0.715 0.877 0.715 
 (257.62)** (155.74)** (274.60)** (159.72)** 
Size  0.007  0.010 
  (20.85)**  (25.47)** 
Market-to-Book  -0.002  -0.027 
  (-3.18)**  (-36.54)** 
Profitability  -0.192  -0.351 
  (-24.01)**  (-36.08)** 
Tangibility  0.028  0.035 
  (9.55)**  (10.39)** 
Industry Median Lev.  0.150  0.154 
  (21.86)**  (27.39)** 
Cash Flow Vol.  -0.023  -0.062 
  (-1.94)  (-4.40)** 
Dividend Payer  -0.012  -0.03 
  (-7.22)**  (-15.37)** 
Year Fixed Effects No Yes No Yes 
No. of Obs. 61,302 61,302 61,302 61,302 
R2 0.48 0.51 0.50 0.59 
* Significant at 95% level 
** Significant at 99% level 
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Abstract 
 

This study investigates the influence of corporate governance attributes on the 

likelihood of survival for 127 new economy IPO companies that listed on the ASX 

between 1994 to 2002. We use survival analysis techniques utilizing the Cox proportional 

hazards model with three main categories of corporate governance attributes; a) board size, 

b) board independence and c) ownership concentration We find that the survival time is 

negatively related to the percentage holdings of the top 20 shareholders. Our results also 

suggest that new economy IPO companies with low leverage and small company size are 

more likely to survive. However, the results indicate that board size and board 

independence do not explain the survival likelihood of new economy IPO firms. Our 

results suggest that corporate governance mechanisms that are designed specifically to 

protect minority shareholders and other providers of external capital are of little value 

during periods of extreme financial duress. 
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1. Introduction 

Recent high profile corporate failures such as Enron were attributed to corporate 

governance failures. An implication of this implicit linkage between corporate governance 

failure and corporate failure is that firms with higher quality governance are more likely to 

survive when confronted with challenging economic circumstances. Surprisingly, very 

little empirical attention has been devoted to this key issue. Hence we study the influence 

of corporate governance attributes on the likelihood of survival of IPOs in the aftermath of 

the internet shakeout.  

Our specific research focus is the potential relationship between board capital and 

corporate survival. Although there are several components of corporate governance, we 

concentrate on board structure and its influence on corporate survival. Arguably, board 

capital is the most important corporate governance mechanism as it is most likely to 

profoundly influence the survival likelihood of a firm that faces adverse economic 

circumstances. Typically, the board of directors enhance firm value in three ways.  Firstly, 

they monitor the performance of management. Secondly, they advise management 

regarding crucial strategic decisions. Finally, they provide access to resources at critical 

junctures to ensure survival. 

Our work is closely related to the work of Daily and Dalton (1994a) and Dowell, 

Shackell and Stuart (2007). Daily and Dalton (1994a) used a matched pair of bankrupt and 

surviving firms to examine the relationship between board capital and corporate survival. 

Their results show that bankrupt firms are more likely to have CEOs serving 

simultaneously as chairpersons. Bankrupt firms also have more affiliated directors than 

control firms, ceteris paribus. They also found a strong interactive effect between CEO-

board chairperson structure and the proportion of affiliated directors on the survival 

likelihood.  

Dowell, Shackell and Stuart (2007) in their study of internet firms examine firms that 

conducted their IPOs between 1996 and 1999. They find that board independence does not 

have an effect on the lifespan of the firm. However, they report that independent boards 

interact with founder-CEOs to hasten the firm’s failure. Another interesting finding 

reported by Dowell et al. pertains to the non-linear relationship between board size and 

corporate survival. They find that firms with either smaller or larger boards survive longer 

than those with intermediate-sized boards. 

The purpose of this paper is to study the impact of governance mechanisms on 

corporate survival in Australia. The reason for selecting Australia is that it follows the 
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English common law tradition that is prevalent in the US and UK. Furthermore, Australia 

follows free market policies like the US. One of the problems in assessing the impact of 

corporate provisions on firm survival in the US is the existence of state level provisions 

regarding takeover. It is not clear what role state level provisions play on corporate 

survival. So, we chose a country which does not have state-level regulations on corporate 

governance. Our choice of the internet industry is based on obtaining a large enough 

sample that facilitates generalisation. 

We examine the corporate governance attributes that influence the likelihood of the 

survival of new economy IPOs companies in Australia. We focus on board capital, which 

is characterised by board size, board independence and CEO-Chairperson duality. We also 

consider ownership in our analysis. Furthermore, offering characteristics, financial ratios 

and company specific variables are also included as control variables. Our sample is 

composed of 127 new economy companies listed on the Australian Stock Exchange (ASX) 

between 1994 and 2002. Sample firms are tracked until 31 December 2007 to categorise 

them into companies that are currently trading, delisted and suspended. The Cox 

proportional hazards model is then employed to identify the likelihood of survival of a 

company after IPOs. 

To the best of our knowledge, this is the first study which investigates the survival of 

Australian IPOs focusing on the new economy sector. Although both Woo, Jeffrey and 

Lange (1995) and Lamberto and Rath (2008) study the survival of IPOs in Australia, 

neither study focused on the new economy sector. Furthermore, unlike some of the 

previous studies we allow for time-varying covariates in the Cox proportional hazards 

model rather than merely using time-invariant covariates (Woo, Jeffrey and Lange, 1995; 

Audretsch and Lehmann, 2004; Lamberto and Rath, 2008; Van der Goot, Van Giersbergen 

and Botman, 2008). This feature allows for deterioration in the covariates of financial 

ratios and company specific variables over time, since it is unlikely that their values or 

effects would remain constant with the progression of the corporate failure process (Luoma 

and Laitinen, 1991). LeClere (2005) suggests that the potential proportional hazards 

models with time-varying covariates outperforms proportional hazards models with time-

invariant covariates since it allows testing of the sensitivity of the proportional hazards 

model to the choice of covariate time-dependence in financial distress application. 

By focusing on a particular sector, namely the new economy sector, this study 

provides an opportunity to restrict the analysis to a relatively homogenous sample of firms. 

Existing empirical evidence shows that the performance of IPOs varies widely across the 
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different industries (Ritter, 1991; Levis, 1993). Furthermore, Audretsch and Lehmann 

(2004) point out that firms in the new economy or knowledge based industries differ in 

their governance structure compared to traditional firms. Hensler, Rutherford and Springer 

(1997) and Lamberto and Rath (2008) also find that the survival likelihood of IPOs 

companies varies across the industries. Thus we justify our focus on the survival analysis 

of Australian IPOs within one particular sector, the new economy sector.  

Our results show that the survival time of new economy IPOs companies is negatively 

related to the percentage holdings of the top 20 shareholders in the firms. This suggests 

that a lower ownership concentration in new economy IPOs companies should be 

encouraged. In addition, company size and leverage are found to be negatively related to 

new economy IPO firms’ survival. Furthermore, we find that board size and board 

independence are insignificantly associated with new economy IPO companies’ survival. 

The remainder of the paper is organized as follows. Section 2 reviews previous studies 

relating to corporate governance structure and IPOs survival and provides the theoretical 

background for the construction of variables. Section 3 presents the details on our data and 

the methodology, the Cox proportional hazards model, which has been employed in the 

paper. The empirical results are then presented and discussed in Section 4. Finally, our 

conclusion and possible future extensions are discussed in the last section. 

2. Literature Review and theoretical development  

We identified three types of factors that influence the survival of new economy IPO 

firms. These factors include: 1) corporate governance attributes; 2) offering characteristics; 

3) financial ratios and other company specific variables. 

2.1 Corporate Governance Attributes 

The development of agency theory suggests that there is a link between corporate 

governance and firm performance (Audretsch and Lehmann, 2004). If corporate 

governance influences corporate performance, then it should have some effect on corporate 

survival (Goktan, Kieschnick and Moussawi, 2006). Johnson et al. (2000) show that firms 

with weak corporate governance are vulnerable to economic downturns and increases the 

probability of falling into financial distress.  

In this study, we explore three areas of corporate governance - board size, board 

independence, and ownership concentration. 
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Board Size 

There are several theories in the literature regarding the relationship between board size 

and firm performance. On the one hand, small boards are more likely to monitor 

management better since their members are less able to hide in a large group (Fischer and 

Pollock, 2004). Furthermore, small groups are able to arrive at decisions more quickly than 

larger ones. Extant studies demonstrate that smaller boards are more likely to eliminate 

poorly performing CEOs (Certo, Daily and Dalton, 2001). Finally, Judge and Zeithaml 

(1992) find that smaller boards are more likely to be involved in strategy formation. They 

ascribe this result to a reduction in commitment and motivation of directors who are 

members of larger boards. Smaller boards are arguably more able to fulfil the monitoring 

role and have the advantage of speed in decision-making in their advising role.  

On the other hand, larger boards, however, have a potential advantage in their advising 

role and are more capable of accomplishing the resource-provision role of the board of 

directors. They have a greater potential for multiple perspectives, which can facilitate their 

advisory role. Furthermore, they may enjoy superior access to key resources (Goodstein, 

Gautam and Boeker, 1994). These advantages of larger boards may be particularly 

valuable to young, IPO firms (Fischer and Pollock, 2004). Dalton et al. (1999) conduct a 

meta-analysis of studies of board size and performance and conclude that there is a positive 

relationship between board size and financial performance. This implies that the 

advantages of access to additional resources due to the large board prevail over the 

additional agency costs and slower decision-making.  

These arguments advocate a positive relationship between board size and effectiveness 

in terms of possessing expertise and accessing resources but a negative relationship 

between board size and effectiveness in terms of the board’s capability to act rapidly in 

turbulent times and to monitor management (Goodstein, Gautam and Boeker, 1994). These 

contradictory relationships between board size and firm performance imply that the overall 

impact of board size on survival will depend on which of the board’s roles is most essential 

in a given circumstance.  

The firms in our setting can profit both from the speed with which small boards can 

arrive at decisions and take strategic action as well as benefit from a broader range of 

alternatives that large boards can spawn.  

Board Independence and CEO Influence 
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We believe that IPO firms facing economic turbulence are better served by a strong and 

independent board. Board independence defined as the percentage on non-executive 

directors serving on the board is taken to represent “Board Power”. Ostensibly, the extent 

to which a strong and independent board is able to implement its monitoring, advising, and 

resource provision roles effectively depends on the power held by the firm’s CEO. We 

think that if the CEO and Board are equally powerful then the IPO firm’s best interests are 

ill-served especially during tumultuous economic circumstances. There is near consensus 

among financial economists regarding the leadership structure of the board. The view is 

that the same person should not simultaneously hold the positions of CEO and chairperson 

of the board. Dual leadership structure or CEO duality exists when a firm’s CEO also 

serves as a chairman of the board of directors.  

A minority posit the notion that a combined CEO chairperson structure provides a 

“focal point” for leadership and precludes ambiguity regarding responsibility. However, 

the unifying power provided by duality of the leadership structure may be less beneficial 

when an IPO firm faces a period of decline prior to bankruptcy. Thus CEO power could be 

measures by the existence of duality in the leadership structure.  

It is interesting to note that in Australia, the Principles of Good Corporate Governance 

and Best Practice Recommendations issued by the Australian Stock Exchange deals 

directly with board structure and states that a company should structure the board to add 

value. In this regard, an independent director is ‘independent of management and free of 

any business or other relationship that could reasonably be perceived to materially interfere 

with the exercise of their unfettered and independent judgment’ (ASX, March 2003). 

Three of the ASX recommendations under Principle 2 are considered in this study. 

Recommendation 2.1 states that a majority of the board should be independent directors. 

Recommendation 2.2 is that the chairperson should be an independent director. Finally, the 

point of Recommendation 2.3 is that the roles of chairperson and chief executive officer 

should not be exercised by the same individual.  

Percentage of Independent Directors 

While the importance of board independence has been generally acknowledged, there 

is no common consensus regarding the definition of ‘independence’ (Brennan and 

McDermott, 2004; Kang, Cheng and Gray, 2007). Previous studies have used the word 

‘outside directors’ instead of ‘independence’ to describe directors who are presumed to be 

independent from management (Ajinkya, Bhojraj and Sengupta, 2005). Some existing 
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studies simply consider the differences between ‘executive’ and ‘non-executive’ directors 

(Kang, Cheng and Gray, 2007; Lamberto and Rath, 2008). For the purpose of this study, all 

non-executive directors are classified as ‘independent directors’ following Lamberto and 

Rath (2008).  

Based on our arguments presented above, the percentage of independent directors on 

the board is expected to positively related to the likelihood of survival of an IPO firm. 

Dual Leadership Structure and Non-Executive Chairman 

The chairman is responsible for leading the board, for efficient organization and the 

conduct of the board’s function, and for briefing the directors in relation to issues arising at 

board meetings (ASX, March 2003). The board of directors is an economic institution that 

may help to reduce agency problems between managers and shareholders. The board 

provides management with contractual incentives and ensure the contracts are fulfilled by 

management (Audretsch and Lehmann, 2004). Of particular interest during times of 

financial decline is the resource provision role of the board. We therefore posit that a non-

executive chairman increases the survival likelihood of IPO firms.  

The evidence on the effect of CEO duality on corporate performance is mixed (Arthur 

et al., 1993; Pi and Timme, 1993). While some studies e.g. Jensen (1993), Rechner and 

Dalton (1991) and Daily and Dalton (1994b) argued that boards in which the chairperson 

and CEO are same person leads to ineffective boards, Elsayed (2007) found that CEO 

duality has no impact on corporate performance. However, CEO duality attracts a positive 

and significant coefficient only when corporate performance is low. 

Furthermore, Brickley, Coles and Jarrell (1997) claimed that proponents of the dual 

leadership structure base their arguments on a mix of anecdotal evidence and an intuitive 

appeal to common sense. They suggested that there are both costs and benefits to a dual 

leadership structure. This structure may create a potential for rivalry between the CEO and 

the chairperson, making it difficult to pinpoint blame for poor performance1. 

Therefore, we test the proposition that a board led by an independent leader will better 

ensure the survival of the IPO firm during declining economic circumstances.  

Ownership Concentration 

                                                
1 In Australia, Recommendation 2.3 of the Principle of Good Corporate Governance and Best Practice 

advocates the separation of the positions of CEO and chairperson. 
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Woo, Jeffrey and Lange (1995) found that low ownership concentration is related to 

corporate longevity and argued that their result is inconsistent with agency theory which 

linked firm performance to higher levels of owner retention. Kang, Cheng and Gray (2007) 

also found that ownership concentration is significantly negatively associated with an 

independent board of directors. This may imply that lower ownership concentration leads 

to a higher probability of firm survival. However, Demsetz and Lehn (1985) found that 

corporate ownership concentration is not related to the accounting profit rates of a 

company. 

It can be seen that the conclusion regarding the effect of ownership concentration 

remaining on firm survival is unclear. In this study, ownership concentration is measured 

by the proportion of common stock held by the top 20 shareholders. This measurement is 

consistent with the studies discussed above. 

2.2 Offering Characteristics 

Existing literature employed offering characteristics of IPOs in examining IPOs post 

listing performance (Bhabra and Pettway, 2003), explaining initial return, long run return 

and the relationship between initial and seasoned offerings (Murgulov, 2006). This study 

uses offering characteristics data for investigating new economy Australian IPOs company 

survival. The variables details are follows. 

Offer Price 

Ho et al.(2001) indicated that IPOs are typically underpriced, that is, an investor who 

purchases new issues at the offering price can, on average, make relatively large returns. 

To compensate investors for the greater uncertainty, higher risk IPOs have higher initial 

returns. Therefore, IPOs with a higher ex ante uncertainty are more underpriced than those 

with lower ex ante uncertainty. This hypothesis is consistent with Lamberto and Rath 

(2008). Thus, we expect a positive relationship between offer price and IPOs survival. 

Offer Size  

The size of the offering is expected to be positively related to the firm’s survival.  It is 

argued that larger offerings signal market confidence, more stringent monitoring 

(Lamberto and Rath, 2008) and good prospects (Jain and Kini, 2000). Ritter (1991) 

suggested that smaller offers tend to have the worst aftermarket performance. Furthermore, 
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previous studies of American IPOs e.g. Hensler, Rutherford and Springer (1997) and Jain 

and Kini (1999) found that the size of offering is positively related to firm survival. 

Age at Offering 

Firm age has been used as a proxy for risk  (Ritter, 1991; Ho et al., 2001). Ritter (1991) 

found that older firms performed better in the after-market than younger ones. Established 

firms are expected to have a more stable source of business, be less speculative and also 

more likely to survive than young firms (Lamberto and Rath, 2008). Therefore, it is 

expected that the company age at offering should be positively related to its likelihood of 

survival.  

Retained Ownership 

Leland and Pyle (1977) argued that firm owners can signal quality in equity markets by 

retaining equity. Consistent with signal theory, a high percentage of insider ownership 

retention at IPOs serves as a certification that managerial decisions will coincide with the 

outside shareholder’s interest, which results in less agency costs and better firm 

performance after the offering (Jensen and Meckling, 1976).  

However, the empirical results are mixed. While Hensler, Rutherford and Springer 

(1997) suggested that IPOs firm with higher percentage of retained ownership have a 

longer survival period, Lamberto and Rath (2008) found that ownership retention is not 

significantly related to IPOs firm survival. We expect that the percentage of stock retained 

by pre-IPO shareholders is positively related to IPOs company survival.  

Underwriter Backing 

It is in the best interest of the underwriter to endorse companies with sound prospects 

and it is a fact that most underwriters invest in the offers they underwrite (Lamberto and 

Rath, 2008). Therefore, it is expected that companies with underwriter backing should be 

more likely to survive than those without. 

Auditor Reputation 

Auditor reputation is included as indicator variables with a value of one if the auditor is 

from one of the Big 5 accounting firms and zero otherwise. The Big 5 companies include 

PricewaterhouseCoopers, KPMG, Arthur Anderson, Deloitte Touche Tohmatsu and Ernst 

and Young (How, Izan and Monroe, 1995; Dimovski and Brooks, 2003; Lamberto and 
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Rath, 2008). Extant literature suggests that reputable auditors tend to lessen the amount of 

underpricing achieved by an IPO candidate since they are construed as providing a signal 

of the quality of information to potential investors (How and Yeo, 2000).  

Therefore, we expect that companies with an auditor from one of the Big 5 companies 

should have a higher likelihood of survival than those with an auditor from a smaller 

auditor firms. 

Number of Risk Factors in the Prospectus 

Risk can be proxied directly using the number of risk factors listed in the prospectus 

(Bhabra and Pettway, 2003). Assuming full disclosure, the number of risk factors listed in 

the prospectus should be negatively related to survival (Lamberto and Rath, 2008). Firms 

with more risk factors listed in the prospectus suggest a riskier firm and hence an increased 

likelihood of failure. The informational value of the number of risk factors was found to be 

significant negatively related to the likelihood of survival of American IPOs by Hensler, 

Rutherford and Springer (1997) and Bhabra and Pettway (2003). 

This study expects that the number of risk factors listed in the prospectus is negatively 

related to IPOs survival likelihood. 

2.3 Financial Ratios and Company Specific Variables 

Four categories of financial ratios are used in this study. The details are as follows. 

Liquidity Ratio 

The liquidity ratios measure a firm’s ability to meet its current obligations as they 

become due. Liquidity ratios also have been used to measure short term solvency. Higher 

levels of liquidity provide a strong barrier against financial failure. In this study, the 

current ratio is a measure of a firm’s liquidity. 

Profitability Ratio 

It is expected that companies with a high profitability ratio will have more likelihood of 

survival. This study utilizes return on asset (ROA) as a measure of profitability ratio. The 

profitability ratios measure the firm’s ability to generate earnings. Many firms face 

financial distress when their earning is negative. Therefore profit is often used as a 

predictor of financial distress events.  

Leverage Ratio 
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Financial risk show the firm’s ability to find the sources of external funds provided for 

in the benefit of their shareholder. The degree of financial risk is related to the likelihood 

of financial distress (Lee and Yeh, 2004). It is expected that companies with a higher 

leverage are more likely to go bankrupt. Debt ratio is used as a measure of leverage in this 

study. 

Activity Ratio 

The activity ratios measure the efficiency of a firm’s asset utilization. They measure 

the ability of a firm to use assets to generate revenue or return. If firms can use assets 

efficiently, they will earn more revenue and increase liquidity. Total asset turnover ratio is 

employed in this study. 

Two variables measuring company specific characteristics are employed in the analysis as 

the following details. 

Company Size 

Prior literature has presented that firm survival is negatively correlated with firm size. 

The rationale for this relationship is that larger firms have more ability to avoid financial 

distress by using public equity markets (Goktan, Kieschnick and Moussawi, 2006). Schultz 

(1993) found an inverse relationship between the probability of delisting and firm size. 

Smaller firms have a higher probability of delisting and larger firms have a higher 

probability of survival. Therefore, it is expected that larger IPOs firms will survive longer 

than smaller ones. 

IPO_9900 

To examine the effect of IPO timing, a dummy variable is used indicating whether a 

company has issued stock between 1999 and April 2000. The definition of a variable is 

adapted from and Ho et al. (2001) and Kauffman and Wang (2007). We expect that 

companies that went public between 1999 and April 2000 are more likely to fail because 

April 2000 is the date generally recognized by Australian financial market participants as 

coinciding with the ‘bursting of the dot come bubble’ (Ho et al., 2001). 

Venture capital-backed IPOs 
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Barry et al. (1990) and Megginson and Weiss (1991), posit that VC-backing certifies 

the quality of the IPO. Their empirical evidence shows less underpricing for VC-backed 

firms as compared to non-VC-backed firms. Gompers (1995) in his study of venture 

capitalists shows that they specialize in collecting and evaluating information of start-up 

and growth companies. Furthermore, they tend to take substantial stakes in the IPO firms 

and frequently sit on the boards. Venture Capitalists can be an additional source of 

resource and advice during periods of economic duress faced by newly public firms. 

We list all the variables used in this study and provide detailed definitions in Table 1. 
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Table 1: The variables used in the study 
 

Variable Code Variable Name Definition of Variable 

 Corporate Governance Attributes:  
BD_SIZE Board Size Number of directors on the board including chairman. 
 Board Independence  
BD_INDP Percentage of Independent 

Directors 
The ratio of the number of non-executive directors to the number of directors, as listed in the prospectus. 

CM_NEXC Non-Executive Chairman  If the chairman listed in the prospectus is a non-executive director then a value of 1 is recorded, 0 otherwise. 
CM_DUAL Dual Leadership Structure If the chairman and CEO are different people then a value of 1 is recorded, 0 otherwise. 
 Ownership Concentration  
TOP20 Top 20 Shareholders The proportion of common stock held by the top 20 shareholders. 
 Offering Characteristics:  
OF_PRICE Offering Price The offer price listed in the prospectus, or the midpoint of the price range. 
OF_SIZE Offering Size The size of the offering listed in the prospectus, or the minimum subscription amount. 
OF_AGE Offering Age The difference between the year in which the prospectus was lodged and the year in which the company was founded. 
RETAIN Retained Ownership The difference between the market capitalization of the company after listing and the size of the offering, divided by the market 

capitalization of the company after listing. 
BACK Underwriter Backing  Initial public offerings which had an underwriter recorded a value of 1, 0 otherwise. 
BIG5 Auditor Reputation Initial public offerings which had an auditor belonging to one of the Big 5 Accounting firms recorded a value of 1, 0 otherwise. 

The Big 5 accounting firms include PricewaterhouseCoopers, KPMG, Arthur Anderson, Deloitte Touche Tohmatsu and Ernst and 
Young. 

NUM_RISK Number of Risk Factors in the 
Prospectus 

The number of risk factors listed in the prospectus. If there is no specific risk factor section, the number is 0. 

 Financial Ratios:  
PRO Profitability Return on Asset (ROA): Earnings before interest/(total assets-outside equity interests). 
LIQ Liquidity Ratio Current Ratio: Current assets/current liabilities. 
LEV Leverage Ratio Debt Ratio: Total debt/total assets. 
ACT Activity Ratio Total Asset Turnover: Operating revenue/total assets. 
 Company-Specific Variables:  
C_SIZE Company Size The logarithm of total assets of the firm. 
IPO_9900 IPO_9900 A dummy variable recorded a value of 1 if a company issued stock between 1999 and April 2000, 0 otherwise. 
VC_BACKED Venture Capital-Backed IPOs A dummy variable recorded a value of 1 if a company is a venture capital-backed IPO, 0 otherwise. 
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3.1 Data and Sample 

In this study, a new economy company is defined as an entity with business activities in 

any high technology production or service. In particular, IPOs in four industry sectors 

based on GICS2 include information technology; media3; telecommunication services and 

health care are examined. This definition of new economy company is consistent with 

Murgulov (2006). 

The new economy IPOs companies listed in Australia between 1994 and 2002 are 

included in estimating Cox proportional hazards model. 2002 is chosen as the cut off year 

because it allows five years of post-listing accounting information at the time of data 

collection. Each IPO company is tracked from the listing on ASX until 31 December 2007 

or until it is delisted or suspended.  

The sample of IPOs and their prospectuses are collected mainly from the Annual 

Reports Online database.  Some of the IPO prospectuses are not available on the Annual 

Reports Online database. In those cases, the prospectuses were obtained from the Connect 

4 Company Prospectuses database. Industry sector and financial information of the 

companies was obtained from the FinAnalysis database. 

In this study, non-survivors or failed companies are simply defined as companies 

which have been delisted or suspended from the ASX. Survivors are companies which 

remain trading on the ASX. This definition is consistent with Lamberto and Rath (2008) 

and Welbourne and Andrews (1996). Correspondingly, survival time is measured as the 

number of years between the year of listing and the year the company is delisted or 

suspended from the ASX for non-survivors IPOs companies or the year end of observation 

period for survivor IPOs companies. The final sample consists of 127 new economy 

Australian IPOs companies. Among these companies, 93 companies are survivors and 34 

companies are non-survivors. 

The distribution of new economy IPOs companies between 1994 and 2002 by industry 

sector and by company status is presented in Table 2 and Table 3, respectively. 

                                                
2 GICS is an enhanced industry classification system jointly developed by Standard & Poor’s and 

Morgan Stanley Capital International (MSCI) in 1991 to meet the needs of the investment community for a 
classification system that reflects a company’s financial performance and financial analysis (Standard and 
Poor's, 2002). 

3 According to GICS, media is an industry group rather than an industry sector. It belongs to the 
consumer discretionary industry sector. 
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Table 2: New economy IPOs companies listed between 1994 and 2002 stratified by 
GICS industry sector 
 

GICS Industry Sector N Percent 

Information Technology 55 43.31 
Media 13 10.24 
Telecommunication Services 14 11.02 
Health Care 45 35.43 
Total 127 100.00 
Note: N is the number of companies. Percent is the number of companies in a 
particular industry group as a proportion of total number of companies. 
 
Table 3: New economy IPOs companies listed between 1994 and 2002 stratified by 
company status 
 

Trading Status N Percent 

Trading 93 73.23 

Delisted 32 25.20 

Suspended 2 1.57 

Total 127 100.00 

Note: N is the number of companies. Percent is the number of companies in a 
particular industry group as a proportion of total number of companies. 
 

3.2 Methodology 

In order to analyze the factors influencing the survival of new economy Australian IPOs 

companies, we employed a Cox proportional hazards model which is a semi parametric 

model that uses survival analysis techniques.  

Existing literature has employed Cox proportional hazards model in IPOs survival 

analysis e.g. Kauffman and Wang (2001), Cockburn and Wagner (2007), Kauffman and 

Wang (2007) and Lamberto and Rath (2008). Other IPO survival studies used other 

techniques in survival analysis e.g. Weibull  model (Woo, Jeffrey and Lange, 1995; 

Audretsch and Lehmann, 2004), log-normal model (Woo, Jeffrey and Lange, 1995), log-

logistic (Hensler, Rutherford and Springer, 1997) and piecewise exponential model (Yang 

and Sheu, 2006). 

There exist two key advantages of survival analysis compared to the traditional 

methods e.g. MDA, logit and probit models. These advantages include that the ability to 

handle time-varying covariates and censored observations.  

In this context, time varying covariates are the explanatory variables that change with 

time. Financial ratios used in this study are time varying covariates as their values change 

over time. Censored observations are the observations that have never experienced the 

event during the observation time. Censoring occurs when the duration of the study is 
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limited in time.  In this study, censored observations are the IPO companies which are still 

trading on the ASX at the end of the observation period which is 31 December 2007.  

Survival analysis consists of two key functions called the survivor function and the 

hazard function. The survival function, S(t), gives the probability that the time until the 

firm experiences the event, T, is greater than a given time t. Given that T is a random 

variable which defines the event time for some particular observation, then the survival 

function is defined as. 

)Pr()( tTtS   (1) 

The hazard function defines the instantaneous risk of an event occurring at time t given 

the firm survives to time t. The hazard function is also known as the ‘hazard rate’ because 

it can be represented as the number of events per interval of time. The hazard function is 

defined as: 
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The most widely used Cox proportional hazards (PH) model is a semi-parametric 

model for survival analysis. In the Cox (1972) study, there are two significant innovations 

including the proportional hazards model and maximum partial likelihood. The 

proportional hazards model is represented as 

)exp()()( 0 ii Xthth   (3) 

where h0(t) is an arbitrary unspecified baseline hazard rate which measures the effect 

of time on the hazard rate for an individual whose covariates all have values of zero. X 

represents the vector of covariates that influences the hazard and  is the vector of their 

coefficients.  

Equivalently, the regression model is written as  

log hi(t) = (t)+ 1Xi1 + 2Xi2 +... + kX ik (4) 

where (t) = logh0(t) and h0(t) is an arbitrary unspecified baseline hazard rate 

(LeClere, 2000). 

The model does not require the particular probability distribution specification of the 

survival times, but it possesses the property that different individuals have hazard functions 

that are proportional, i.e. 
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The ratio of the hazard functions for two individuals does not vary with time t. These 

special properties make the Cox’s PH model robust and popular amongst researchers. 

To estimate the coefficients of , Cox (1972) proposes a partial likelihood function 

based on a conditional probability of failure by assuming that there are no tied values in the 

survival times. The function was later modified to handle ties (Efron, 1977). In this study, 

we use SAS PROC PHREG to conduct the estimation. 

4. Empirical Results 

4.1 Descriptive Statistics  

In order to prevent the influence of observations with extreme values observations are 

truncated at the specified thresholds. All observations with covariate values higher than the 

ninety-ninth percentile of each covariate are set to that value. In the same way, all 

covariate values lower than the first percentile of each covariate are truncated. This 

procedure is similar to the one employed by Shumway (2001).  

Table 4 presents descriptive statistics of the data employed in the study after the 

truncation stratified by company status. The descriptive statistics include the number of 

observations, means, medians, min, max, standard deviations, skewness and kurtosis for 

each company status which are presented in this section. It should be noted that because of 

the binary or dummy variables that have been used for some factors, the mean for these 

variables should be interpreted as the percentage of companies in the sample. The binary 

variables employed in this study include CM_NEXC, CM_DUAL, BACK, BIG5, 

IPO_9900, and VC-BACKED. 

The Kruskal-Wallis test, a non-parametric test, is employed for testing for significant 

differences between the group means. Variables with significant differences in their group 

means will be expected to add information to a regression analysis. The variables TOP20, 

OF_PRICE, BACK, C_SIZE and VC-BACKED display significant differences across the 

subsamples. 

According to Table 4, the mean number of directors for both survivor and non-

survivors new economy IPOs companies is five, which is consistent with Lamberto and 

Rath (2008) and Rosa, Izan and Lin (2004). Both studies find that the majority of IPO 

companies have less than six directors in the board which is the minimum number of 

directors recommended by the ASX for good governance.  The mean percentage of non-

executive directors on the board were 53.41 and 61.96 for active and non-survivor IPOs 

companies, respectively. This figure implies that the majority of directors in the new 
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economy Australian IPOs company board are independent directors. In addition, 64.42 and 

69.59 percent of active and non-survivor new economy IPO companies, respectively, have 

a non-executive chairman, and 85.51 and 84.80 percent of these companies have the 

positions of CEO and chairperson held by different persons. These results suggest that the 

majority of new economy Australian IPOs companies have boards which can be 

considered independent. Furthermore, the mean percentages of the top 20 shareholders for 

active and non-survivor companies are 65.98 and 76.77 percent, respectively. 

In terms of the offering characteristics, the median offering price is A$0.50 for the 

survivors and A$1.00 for the non-survivors. The median offer sizes are A$8 and A$12 

million and the medians of offering age are 3.04 and 4.51 years for the survivor and non-

survivor companies, respectively. These results suggest that the new economy Australian 

IPO companies are relatively young and small, consistent with the results reported by 

Lamberto and Rath (2008). 

Additionally, 73.98 and 90.06 percent of the offerings by active and non-survivor 

companies are underwritten while 53.16 and 70.18 percent of the offerings by active and 

non-survivor companies have an auditor from the one of the Big 5 accounting firms. On 

average, the number of risk factors identified in the prospectus were 13 and 14 for active 

and non-survivor companies, respectively. The means of retained ownership by pre-IPOs 

owners were 62.16 and 70.48 percent for active and non-survivor IPOs companies, 

respectively, which implies that the control of new economy IPO companies was retained 

by the original owners. It is also interesting to note that 39.52 and 35.67 percent of active 

and non-survivor IPOs companies are listed during the period 1999 to April 2000. 

The profitability ratios, which show the ability of the company to generate profit, are 

negative for both groups. The means of ROA for active and non-survivor companies are -

0.29 and -0.35, respectively. This result suggests that non-survivor IPOs companies have 

lower earnings than active companies. But the difference is not statistically significant. The 

liquidity ratio, CUR, of non-survivor companies have higher mean as compared to the 

active firm subsample. The means of DET indicates that the long term liability paying 

ability of non-survivor companies is less than that of active companies. For the activity 

ratio, TAT, the means of non-survivor companies is higher than those of the survivors. 

However, the Kruskal-Wallis test suggests that there is no difference in means of these 

ratios between active and non-survivor new economy IPO companies. 

The mean SIZE of active and non-survivor companies are 7.27 and 7.41, respectively. 

The Kruskal-Wallis test shows that, on average, the size of active and non-survivor new 

economy IPOs companies in our sample are statistically significantly different at the 10 
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percent level. Finally, the survivor and non-survivor samples significantly differ with 

respect to the percentage of firms backed by venture capitalists. 10.97% of survivors are 

backed by venture capitalists while 30.99% of the non-survivors have VC-backing. 

The Pearson correlation coefficients across the variables are shown in Table 5. The 

results suggest weak relationships across the variables. We do not find any large and 

significant coefficients that indicate serious problems of multicollinearity. 
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Table 4: Descriptive statistics of the data 

 
 ROA CUR TAT DET C_SIZE IPO_9900 VC_BACKED 
Survivor IPOs (n=93) 
Mean 

Median 
Min 
Max 
Std Dev. 
Skewness 
Kurtosis 

 
-0.2895 
-0.0590 
-6.0955 
0.5770 
0.7464 

-3.9595 
21.5622 

 
7.1661 
2.0000 
0.0200 

331.5200 
20.6795 

9.1896 
116.2732 

 
0.8726 
0.6130 
0.0000 
4.8237 
0.9768 
1.8291 
3.6165 

 
0.4290 
0.3106 
0.0008 
4.1984 
0.5321 
4.4175 

25.5749 

 
7.2674 
7.2258 
5.6139 
9.4247 
0.7685 
0.5033 
0.3938 

 
0.3952 
0.0000 
0.0000 
1.0000 
0.4892 
0.4296 

-1.8206 

 
0.1097 
0.0000 
0.0000 
1.0000 
0.3127 
2.5030 
4.2771 

Non-Survivor IPOs (n=34) 
Mean 
Median 
Min 
Max 
Std Dev. 
Skewness 
Kurtosis 

 
-0.3533 
-0.0132 
-6.0955 
0.5770 
1.1682 

-4.2630 
18.3912 

 
7.0450 
1.8100 
0.0200 

567.0300 
43.3931 
12.7933 

165.9545 

 
0.9472 
0.6198 
0.0000 
4.8237 
0.9932 
1.6825 
3.4190 

 
0.5034 
0.3418 
0.0009 
4.1984 
0.6012 
3.5528 

16.4266 

 
7.4054 
7.3498 
5.6139 
9.4247 
0.7292 
0.1647 
0.3321 

 
0.3567 
0.0000 
0.0000 
1.0000 
0.4804 
0.6035 

-1.6553 

 
0.3099 
0.0000 
0.0000 
1.0000 
0.4638 
0.8292 

-1.3281 
Kruskal-Wallis Test  
p-value 

1.0930 
0.2958 

0.2092 
0.6474 

0.5770 
0.4475 

1.4612 
0.2267 

3.3274* 
0.0681 

0.1226 
0.7263 

5.5339** 
0.0187 

Note: Descriptive statistics grouped by company status. n is the number of companies. Kruskal-Wallis Test (a non-parametric test) for testing the equality of group means. 

* Significant at the 10 percent level, ** Significant at the 5 percent level. 

 BD_SIZE BD_INDP CM_NEXC CM_DUAL TOP20 OF_PRICE OF_SIZE OF_AGE RETAIN BACK BIG5 NUM_RISK 
Survivor IPOs (n=93) 
Mean 
Median 
Min 
Max 
Std Dev. 
Skewness 
Kurtosis 

 
5.1885 
5.0000 
3.0000 

10.0000 
1.3198 
0.6119 
0.9508 

 
53.4149 
60.0000 

0.0000 
83.0000 
19.5939 
-0.6757 
-0.1034 

 
0.6442 
1.0000 
0.0000 
1.0000 
0.4791 

-0.6035 
-1.6404 

 
0.8551 
1.0000 
0.0000 
1.0000 
0.3522 

-2.0223 
2.0955 

 
65.9798 
70.0000 
14.4000 
94.1400 
18.6702 
-0.8569 
0.0362 

 
0.8857 
0.5000 
0.2000 
4.6000 
0.8525 
2.4452 
7.2115 

 
32.9512 

8.0000 
1.5000 

421.0940 
73.9985 

3.7922 
14.4321 

 
5.7981 
3.0493 
0.0027 

38.4603 
7.1613 
1.9579 
4.7397 

 
62.1626 
70.0000 

0.0000 
96.3400 
23.6733 
-1.1423 
0.6540 

 
0.7398 
1.0000 
0.0000 
1.0000 
0.4391 

-1.0955 
-0.8022 

 
0.5316 
1.0000 
0.0000 
1.0000 
0.4994 

-0.1271 
-1.9894 

 
12.7173 
12.0000 

0.0000 
31.0000 

5.3226 
0.8013 
2.0205 

Non-Survivor IPOs (n=34) 
Mean 
Median 
Min 
Max 
Std Dev. 
Skewness 
Kurtosis 

 
5.1345 
5.0000 
3.0000 
9.0000 
1.1270 
0.8544 
1.7554 

 
61.9591 
67.0000 

0.0000 
89.0000 
20.0849 
-0.8914 
0.2530 

 
0.6959 
1.0000 
0.0000 
1.0000 
0.4614 

-0.8593 
-1.2767 

 
0.8480 
1.0000 
0.0000 
1.0000 
0.3601 

-1.9553 
1.8446 

 
76.7651 
78.4100 
19.9900 
98.2800 
14.5248 
-0.6455 
0.3556 

 
0.9282 
1.0000 
0.2000 
2.0000 
0.4959 
0.2855 

-0.6623 

 
135.0988 

12.0000 
1.0000 

6652.7300 
873.7467 

7.4087 
53.5469 

 
6.2423 
4.5068 
0.0082 

18.8301 
5.4964 
0.5869 

-0.9495 

 
70.4801 
74.3400 

0.0000 
99.5200 
20.0611 
-1.0167 
1.2692 

 
0.9006 
1.0000 
0.0000 
1.0000 
0.3001 

-2.7013 
5.3595 

 
0.7018 
1.0000 
0.0000 
1.0000 
0.4588 

-0.8898 
-1.2226 

 
14.2456 
13.0000 

7.0000 
25.0000 

3.7555 
0.9136 
0.8229 

Kruskal-Wallis Test  
p-value 

0.0864 
0.7688 

2.5854 
0.1079 

0.1069 
0.7437 

0.2197 
0.6393 

7.2061 
0.0073 

3.6893 
0.0548 

0.6289 
0.4277 

0.2592 
0.6107 

0.9395 
0.3324 

2.8339 
0.0923 

2.2513 
0.1335 

1.9929 
0.1580 
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Table 5: Pearson correlation coefficients 
 

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1. BD_SIZE 1.0000 0.0845a 

0.0121b 
0.0340 
0.3136 

0.1849 
<.0001 

0.0377 
0.2637 

0.4475 
<.0001 

0.2551 
<.0001 

-0.0901 
0.0074 

-0.0458 
0.1738 

-0.0842 
0.0124 

0.1681 
<.0001 

0.0399 
0.2364 

0.0601 
0.0745 

-0.0246 
0.4657 

-0.0200 
0.5527 

0.0062 
0.8534 

0.5228 
<.0001 

-0.1358 
<.0001 

0.2128 
<.0001 

2. BD_INDP  1.0000 0.3518 
<.0001 

0.1849 
<.0001 

0.1305 
0.0001 

-0.0186 
0.5808 

0.0857 
0.0109 

0.0139 
0.6798 

-0.0101 
0.7645 

0.1239 
0.0002 

0.1466 
<.0001 

0.1447 
<.0001 

-0.0919 
0.0063 

0.0172 
0.6096 

-0.0447 
0.1849 

0.0672 
0.0460 

-0.0944 
0.0050 

0.0601 
0.0743 

0.2107 
<.0001 

3. CM_NEXC   1.0000 0.3332 
<.0001 

-0.1602 
<.0001 

0.0152 
0.6514 

0.0132 
0.6958 

-0.0109 
0.7457 

0.0043 
0.8988 

0.0235 
0.4853 

-0.0951 
0.0047 

0.0825 
0.0142 

-0.0834 
0.0132 

0.0125 
0.7119 

-0.0108 
0.7478 

-0.0432 
0.2002 

-0.1006 
0.0028 

0.0355 
0.2917 

0.0422 
0.2102 

4. CM_DUAL    1.0000 -0.0459 
0.1731 

0.1038 
0.0020 

0.0464 
0.1687 

-0.1522 
<.0001 

0.0041 
0.9036 

0.0951 
0.0047 

0.0248 
0.4615 

0.1096 
0.0011 

-0.0270 
0.4237 

-0.0985 
0.0034 

0.0937 
0.0054 

0.0716 
0.0336 

0.0803 
0.0171 

0.0792 
0.0187 

0.0466 
0.1672 

5. TOP20     1.0000 0.0996 
0.0031 

0.0414 
0.2192 

0.1746 
<.0001 

0.3515 
<.0001 

0.1389 
<.0001 

-0.0610 
0.0704 

0.1277 
0.0001 

0.0414 
0.2198 

-0.0546 
0.1053 

0.0874 
0.0094 

0.0816 
0.0153 

0.0661 
0.0497 

-0.1725 
<.0001 

0.1040 
0.0020 

6. OF_PRICE      1.0000 0.1790 
<.0001 

-0.0404 
0.2311 

-0.0186 
0.5807 

-0.1787 
<.0001 

0.0875 
0.0093 

0.0254 
0.4513 

0.1528 
<.0001 

-0.0890 
0.0082 

0.0651 
0.0534 

0.0803 
0.0170 

0.5380 
<.0001 

-0.0215 
0.5231 

0.0603 
0.0735 

7. OF_SIZE       1.0000 -0.0079 
0.8154 

-0.1949 
<.0001 

-0.1522 
<.0001 

0.0643 
0.0565 

0.0093 
0.7838 

0.0444 
0.1876 

-0.0241 
0.4740 

0.0514 
0.1269 

0.0945 
0.0050 

0.2401 
<.0001 

-0.0423 
0.2091 

0.1331 
<.0001 

8. OF_AGE        1.0000 0.0815 
0.0154 

0.1514 
<.0001 

-0.0394 
0.2428 

-0.1600 
<.0001 

0.1266 
0.0002 

-0.1096 
0.0011 

0.0980 
0.0036 

0.0172 
0.6093 

0.0377 
0.2639 

0.0641 
0.0569 

-0.0187 
0.5802 

9. RETAIN         1.0000 0.1507 
<.0001 

0.0103 
0.7606 

0.2281 
<.0001 

-0.0800 
0.0174 

-0.1107 
0.0010 

0.0251 
0.4573 

0.0637 
0.0587 

-0.0913 
0.0066 

-0.1025 
0.0023 

0.0382 
0.2573 

10. BACK          1.0000 0.0166 
0.6220 

-0.1184 
0.0004 

0.0187 
0.5783 

-0.0494 
0.1425 

0.1657 
<.0001 

0.0778 
0.0209 

-0.0472 
0.1611 

0.0406 
0.2287 

0.0152 
0.6523 

11. BIG5           1.0000 0.0868 
0.0099 

0.0119 
0.7246 

-0.0179 
0.5947 

-0.1083 
0.0013 

0.0486 
0.1496 

0.1275 
0.0001 

-0.0005 
0.9887 

0.1803 
<.0001 

12. NUM_RISK            1.0000 -0.0494 
0.1429 

-0.0172 
0.6109 

0.0048 
0.8864 

0.0355 
0.2921 

-0.0032 
0.9233 

0.0784 
0.0199 

0.1505 
<.0001 

13. ROA             1.0000 0.0442 
0.1894 

-0.0158 
0.6402 

-0.4817 
<.0001 

0.4663 
<.0001 

-0.0040 
0.9052 

-0.0145 
0.6668 

14. CUR              1.0000 -0.1493 
<.0001 

-0.1634 
<.0001 

-0.0814 
0.0157 

-0.0492 
0.1446 

-0.0390 
0.2474 

15. TAT               1.0000 0.4016 
<.0001 

0.0274 
0.4171 

0.0686 
0.0416 

-0.0570 
0.0908 

16. DET                1.0000 -0.1472 
<.0001 

0.0544 
0.1064 

-0.0213 
0.5283 

17. C_SIZE                 1.0000 -0.0797 
0.0179 

0.1066 
0.0015 

18. IPO9900                  1.0000 -0.0837 
0.0129 

19. VC_BACKED                   1.0000 

Note: a. Pearson correlation coefficients. 

b. The p-value under the null hypothesis of zero correlation. 
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4.2 Cox Proportional Hazards Model Estimation Results 

We employ the Cox proportional hazards model to investigate the influence of 

corporate governance variables on the survival of new economy IPO companies. In 

addition to corporate governance variables, we also include offering characteristics, 

financial ratios and company-specific variables. The estimation results are presented in 

Table 5. 

We used the default specification for selecting the variables method in PROC PHREG 

procedure in SAS. The SAS PROC PHREG fits the complete model as specified in the 

MODEL statement. The covariates are selected from the full model (all variables were 

included in the model), instead of backward, forward or stepwise selection procedures. The 

results reported in Table 6 shows only significant covariates. 

 
Table 6: Estimation Results of Cox Proportional Hazards Model  

 

Note: *Significant at a 10 percent level. 
** Significant at a 5 percent level. 
 

Table 6 presents the coefficients estimated the standard error of this estimate, Wald 

chi-square tests with the relative p-value for testing the null hypothesis that the coefficient 

of each covariate is equal to zero. Finally, the hazard ratio is presented in the last column. 

Hazard ratio is obtained by computing e where  is the coefficient in the proportional 

hazards model. A hazard ratio equal to 1 indicates that the covariate has no effect on 

survival. If the hazard ratio is greater (less) than 1, then this indicates a more rapid (slower) 

hazard timing.  

Based on p-values, only two variables are significant at the 5 percent level. These are 

TOP20 and C_ SIZE with coefficients of 0.0333 and 0.7265, respectively. The variables 

VC_BACKED and DET are statistically significant at the 10 percent level with estimated 

coefficients 0.7753 and 0.6205 respectively. The estimated coefficient of TOP20 is 

positive which suggests a positive relationship between the percentage holdings of the top 

20 shareholders of the company and failure risk. The estimated hazard ratio of TOP20 is 

Covariate Coefficient Standard Error 2 Statistic p-Value Hazard Ratio 

TOP20 0.0333** 0.0143 5.4307 0.0198 1.0340 

VC_BACKED 0.7753* 0.4582 2.8629 0.0906 2.1710 

DET 0.6205* 0.3181 3.8051 0.0511 1.8600 

C_SIZE 0.7265** 0.3329 4.7622 0.0291 2.0680 
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1.0340 which means that the financial distress risk of IPOs companies increases 3.40 

percent for each percentage increase in the holdings of the top 20 shareholders. This result 

is consistent with the findings of Woo, Jeffrey and Lange (1995) who suggested that low 

ownership concentration is related to corporate longevity. 

Considering financial ratios, DET is the only financial ratio which is statistically 

significant in explaining the survival of IPO firms. The parameter estimates are positive for 

DET, which means that the IPO companies with low debt ratio are less likely to fail. The 

estimated hazard ratio for DET is 1.8600 which indicates that for every unit increase in 

debt ratio, the risk of failing increases by 86 percent.  

For C_SIZE, the estimated coefficient is 0.7265. The positive sign of SIZE means that 

the larger the size of IPO companies, the higher the likelihood of companies entering into 

financial distress. This result is consistent with the findings of Lamberto and Rath (2008). 

A reasonable explanation for this result is that large companies might have inflexible 

organizations and have problems with monitoring managers and employees which leads to 

inefficient communication (Rommer, 2004) and subsequent failure.  

The estimated hazard ratio for the variable VC_BACKED is 2.1710 which means that 

the hazard of financial distress for venture capital-backed IPO companies is about 217.10 

percent of the hazard for non-venture capital-backed IPO companies. This result is 

contradictory to our expectations as the literature on venture capital-backed IPOs leads us 

to believe. Venture capital firms provide valuable certification and access to resources 

which should be valuable to VC-backed firms in times of distress as compared to 

companies without such backing. Our results resonate with that of Rosa, Velayuthen and 

Walter (2003) who do not find significant differences in the initial underpricing and long-

run share performance between venture capital-backed and non-VC-backed Australian 

IPOs. It appears that mere backing by venture capitalists does not guarantee a high quality 

issue.  

Summarising the results of this study, we find that new economy IPO companies with 

low ownership concentration, smaller value of total assets, low leverage and those that are 

not VC-backed are more likely to survive.  

Furthermore, our results indicate that mere compliance with the Principles of Good 

Corporate Governance and Best Practice Recommendations published by the ASX 

Corporate Governance Council in March 2003 do not guarantee survival of the firms. The 

principal recommendations such as that a majority of the board should be independent 

directors (Recommendation 2.1), the chairperson should be an independent director 
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(Recommendation 2.2) and the roles of chairperson and chief executive officer should not 

be exercised by the same individual (Recommendation 2.3) do not significantly alter the 

IPO firms’ chance of survival during particularly difficult financial circumstances. 

The expected effect and the estimated effect are summarized in Table 7. The table 

shows that only DET has the expected sign while VC_BACKED and C_SIZE have exactly 

the opposite sign. 

 
Table 7: Summary of estimated effects of variables on financial distress probability 

 
 

Variable Expected effect Estimated effect 

TOP20 Unclear + 

VC_BACKED + - 

DET + + 

C_SIZE - + 

 

4.3 IPO Companies Survival Probability Evaluation  

The survival function, shown in Equation (1), which defines the survival probability 

can be estimated from the model to identify the probability that a company will survive 

longer than t time units. The survival profiles of a typical non-survivor and survivor by 

survival time and by calendar year are presented in Figures 1 and 2 respectively.  

The survival function shown in both figures is produced by averaging the estimated 

survival probability of companies by company status, non-survivor and survivor 

companies. It can be inferred that the survival probabilities of typical failed IPO companies 

are lower than those of typical active IPO firms. Since the survival function denotes a 

company’s probability of surviving past time t, it starts with 1.00 and declines as more 

companies fail. The graph shows that the survival probability of non-survivor companies is 

lower than the active companies and as time goes by, the survival probabilities for both 

start to decrease.  

According to Figure 1, the dramatic decrease in survival probability for new economy 

non-survivor companies occurs at 7 years after IPO with a probability of 65.77 percent, 

then the survival probability increases slightly after year 8 and continuously drops after 

year 9. The non-survivor new economy IPO companies trade on the ASX for no longer 

than 10 years. For active or survivor companies, the noticeable decrease of survival 

probability occurs after 10 years since the companies going public with the probability of 
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survival being around 71.47 percent. For non-survival companies, the survival probability 

that the companies will survive beyond 10 years after IPOs is around 54.63 percent.  

Considering Figure 2, the probability of new economy non-survivor companies started 

to drop steeply from 1998 until 2000 which coincides with the crash of new economy 

sector in April 2000. After this, the survival probability of these companies rose 

throughout 2001 and 2002. The dramatic drop of survival probability before 2000 could be 

interpreted cautiously in two ways: Firstly, the significant downturn in the market at the 

end of March 2000 (Johnston and Madura, 2002) influenced the low survival probability of 

typical new economy IPO companies. In other words, the survival probability of IPO 

companies could be affected by the abrupt weakening of the market. Secondly, these 

companies consist of the companies which have been listed for the few years before 2000, 

the survival probability of these companies declines over time. Consequently, the survival 

probability of average non-survival companies before 2000 has decreased. 

In addition, new economy active IPO companies experienced low survival probability 

before the period of a diminished new economy sector. The survival probability at 1999 is 

approximately 96.73 percent. However, companies that could withstand the market decline 

were able to recover, and their survival probability slightly increases throughout 2000 to 

97.99 percent. 

It should be noted that the results for the years 2003 to 2007 are not comparable to the 

years 1994 to 2002 because no fresh IPO companies were included in the analysis after 

2002. During the period 2003 to 2007, the survival probability of non-survivor IPOs 

continuously declined to 54.78 percent in 2007.  
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Figure 1: Graph of survival function versus survival time by company status 

 

 

Figure 2: Graph of survival function versus calendar year by company status 
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5. Discussion and Conclusion 

Our study explores the relationship between corporate governance attributes and the 

survival likelihood of new economy Australian IPO firms utilising the Cox proportional 

hazards model. We focus our attention on three main areas of corporate governance 

deemed to be most important by regulators and other market participants. These corporate 

governance mechanisms include board size, board independence and ownership 

concentration. Control variables such as offering characteristics, financial ratios and 

company specific variables are incorporated in the model.  

Our results indicate that the ownership concentration is negatively related to new 

economy IPO firms’ survival. This contradicts the tenets of agency theory which suggests 

that a firm is more likely to survive if ownership concentration is high. This is because 

shareholders with significant holdings are more likely to have an influence on 

management’s decisions and they will expend more monitoring costs as their stake in the 

firm increases (Jensen and Meckling, 1976). However, consistent with Woo, Jeffrey and 

Lange (1995) we find that low ownership concentration is associated with higher 

likelihood of survival. They argued that lower ownership concentration, where stock of the 

firm is more widely held, could facilitate more effective capital raisings from a wider 

investment group, which makes the company less likely to fail.  

Conventional wisdom that “smart money” is associated with superior performance 

does not seem to hold here. In the aftermath of the internet shakeout, sophisticated 

investors were as clueless as naïve investors. This is also shown by the weak evidence 

indicating that VC-backing is associated with higher likelihood of failure. In fact, “dumb” 

investors seem to have done better than their smart counterparts.  

Our results also suggest that new economy IPO companies with small company size 

and low leverage are more likely to survive. The finding that low leverage is associated 

with greater survival likelihood is consistent with conventional wisdom. It is not clear why 

small size firms are more likely to succeed. However, our results do not support the 

proposition that good governance is related to corporate survival. We find that board size 

and board independence have an insignificant impact on new economy IPO firms’ 

survival.  

Corporate governance mechanisms are designed specifically to protect minority 

shareholders and other providers of external capital. They seem to be of no value during 

periods of extreme financial distress. Further research regarding corporate governance 
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attributes should investigate the characteristics of boards in more detail by including 

information on the experience of directors in the particular industry sector, the number of 

meetings held by the boards, and board remuneration. Perhaps, the structure of the board is 

less important compared to the incentives of the board in ensuring survival during 

particularly difficult periods. Finally, as stated in Principle 9 of the ASX, perhaps 

companies need to adopt remuneration policies that attract and maintain talented and 

motivated directors and employees to encourage enhanced company performance. More 

research on this key issue is likely to enhance our knowledge of the factors influencing 

corporate survival.  
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Abstract 

In recent times, the prices of internationally-traded commodities have reached 

record highs and are expected to continue growing in the foreseeable future.  This 

phenomenon is partially driven by strong demand from a small number of emerging 

economies, such as China and India.  This paper places the recent commodity price 

boom in historical context, drawing on an investigation of the long-term time-series 

properties, and presents unique features for 33 individual commodity prices.  Using a 

new methodology for examining cross-sectional variation of commodity returns and 

its components, we find strong evidence that the prices of world primary commodities 

are extremely volatile.  In addition, prices are roughly 30 percent more volatile under 

floating than under fixed exchange rate regimes.  Finally, using the capital asset 

pricing model as a loose framework, we find that global macroeconomic risk 

components have become relatively more important in explaining commodity price 

volatility. 

                                                 
*  I would like to acknowledge Professor Kenneth W Clements for supervising this research and 

providing helpful comments during the write-up of this paper.  This paper was financially supported 
by the UWA Business School and is based on my dissertation for the higher degree by research 
(HDR) preliminary programme in 2007. 
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1.  INTRODUCTION  

Primary commodities, including raw or partially processed materials that will be 

transformed into finished goods, are often the most significant source of export 

earnings for many developing countries.  Figure 1 shows the share of internationally-

traded non-fuel primary commodity exports in gross domestic product (GDP) for 

countries around the world.  A particularly striking feature in Figure 1 is the 

importance of these commodities as a source of export earnings for many developing 

countries.  According to the United Nations Conference on Trade and Development 

(1996), 57 developing countries relied on three commodities for more than half of 

their total exports in 1995.  For these developing countries, producing and exporting 

primary commodities significantly affect their terms of trade, foreign reserve holdings, 

government fiscal revenue and public expenditure.  Figure 2 shows examples of 

selected countries whose single most important commodity accounts for more than 50 

percent of their export earnings in 1990-1999. 

 

Figure 1 

World Map – Dependence on Non-fuel Primary Commodity Exports (2006) 

  
Source: World Bank, World Integrated Trade Solution (WITS) database.  
Note: The countries are colour-coded based on total exports of non-fuel primary 

commodities as a percent of GDP. 
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Taking a closer look at Figure 2, we see that five countries depend on one single 

commodity for more than 90 percent of their total export earnings.  The highest export 

concentration is Dominica, for which bananas account for a staggering 98 percent of 

total export share.  Export shares of many countries are highly concentrated, implying 

that variation in their terms of trade correlates strongly with the price fluctuations of a 

few key primary commodities.  According to the World Bank’s World Development 

Indicators in 1997, the ratio of primary commodities to total merchandise exports is 

42 percent for developing countries.  In contrast, commodity dependence is lower for 

developed countries, where primary commodities accounted for only 19 percent of 

their total exports in 1997. 

 

Figure 2 

Export Share of Most Important Primary Commodity for Selected Countries  
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The last 20 years has predominantly been a bear market for commodities.  

However by the turn of the century, the world has witnessed the biggest boom in half 
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price volatility.  The International Monetary Fund’s non-fuel primary commodity 

price index rose by 149 percent in real terms from January 2000 to June 2006, while 

the energy and fuel index increased by 191 percent.1  Within the non-fuel commodity 

index, the rise in the metals index is even greater at about 236 percent over the same 

period.  How volatile are prices for primary commodities?  As an example, consider 

the behaviour of the dollar price for sugar from 1948 to 2006 deflated by the United 

States (US) consumer price index (CPI).  The sugar price is chosen for being the most 

volatile internationally tradable commodity out of 33 commodities examined in this 

paper.  Figure 3 shows no obvious trend in prices; however, there are several distinct 

sharp peaks, particularly in the early 1960s, the late 1970s and continuing into the 

early 1980s.  In the 1980s, poor harvests in Cuba and the Soviet Union caused prices 

to rise sharply.2  Such instances provide evidence that market abnormalities can cause 

temporary surges in price volatility.  Despite the volatility, the sugar price tends to 

revert back to its long-run unchanging average.  In other words, shocks cause the 

price to deviate temporarily from this average but do not persist into the indefinite 

future.  That is, the mean-reverting behaviour of sugar price can be explained by the 

existence of a significant temporary component in the sugar price.  One salient feature 

of the real sugar price that separates it from other price series is the strong appearance 

of stationarity in the level; whereas typical commodity price series have tendencies of 

upward or downward trends over time.   

In an influential article, Deaton (1999, p. 27) notes: “What commodity prices 

lack in trend, they make up for in variance.”  Indeed, variability is large relative to 

trend for many commodity prices.  For instance, the price for sugar in 1974 was 

almost three times that of the previous year and just over ten times that in 1968.  The 

swing from trough to peak in 1974 took only a few years.  Note in Figure 3 that there 

are several sharp upward spikes but no matching downward spikes, which produces 

substantial positive skewness in the data.  Such a characteristic is common for many 

primary commodity prices. 

 

                                                 
1  According to the IMF Commodities Unit Research Department, Indices of Primary Commodity 

Prices from 1995 to the present.  Non-fuel primary commodities have a higher share of world export 
trade (52.2 percent in 1995-1997) than energy and fuel commodities (47.8 percent).  Indices of 
prices are quoted in terms of nominal US dollars.  To convert into real terms, nominal prices are 
deflated by the US consumer price index for all urban consumers (CPI-U).  Available from: 
<http://www.imf.org/external/np/res/commod/index.asp> [25 April 2007]. 

2  Since 1991, the Soviet Union is known as the “Union of Soviet Socialist Republics”. 
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Figure 3 

Real Price for Sugar, 1948-2006 
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Source: Bidarkota and Crucini (2000) and the World Bank, Development Prospects Group 
  primary commodity price databases.  
Note: The underlying data are average prices for each year, deflated by the US CPI-U. 

 

World commodity prices have risen significantly since the turn of the 

millennium.  However, the serious problem of volatile price uncertainty facing 

commodity-dependent exporting countries has not disappeared.  Previous research on 

commodity returns has arrived at a remarkable degree of consensus such that real 

prices have exhibited increasing variability since the breakdown of the Bretton Woods 

fixed exchange rate system.  It has long been noted that commodity price volatility 

has exceeded that of exchange rates and interest rates.  Kroner et al. (1993) show that 

over the period 1972 to 1990, non-fuel commodity price volatility as measured by the 

standard deviation of price changes has not been below 15 percent and peaked at more 

than 50 percent per annum in 1975.  In addition, short-term commodity prices can be 

extremely volatile, with prices changing by as much as 50 to 100 percent in a single 

year.  For evidence on commodity price fluctuations see, for example, Chu and 

Morrison (1984), Deaton and Laroque (1992), Yamey (1992), Reinhart and Wickham 

(1994), Cuddington and Liang (1999), Deaton (1999) and Cashin and McDermott 

(2002).   

Today, in spite of knowledge of several stylised facts about the properties of 

world commodity prices, there remain large gaps in our understanding of their 

behaviour.  Prior empirical work on primary commodity prices mainly focuses on the 
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question of whether the statistical evidence points to a long-term trend.  Unfortunately, 

not many papers have sought to investigate the global macroeconomic versus 

idiosyncratic components behind commodity price variations.  This paper, in contrast, 

carries out an empirical study to shed light on the question of whether the price of 

individual primary commodities consists mainly of global or idiosyncratic risk that 

can be mitigated through proper diversification.  The need to understand the 

underlying risk components has taken on a new urgency in recent years as non-fuel 

primary commodity prices fell sharply and persistently in real terms since 1900 

although prices have risen significantly over the past few years.  While this price 

movement affects all commodity-exporting dependent countries to some extent, those 

with the narrowly-based export bundle suffer the biggest impact.  Knowledge of these 

features would further our understanding of the nature of price movements in world 

commodity markets that is both relevant and important for the conduct of 

macroeconomic policy.  

Although a substantial amount of prior research relating to risk components 

focusing on the cross section of average stock returns exists, papers on distinguishing 

the risk components associated with individual commodity price movements are 

sparse.  A notable exception is the work of Bidarkota and Crucini (2000).  Based on 

their empirical results of 33 primary commodities, they conclude that common and 

idiosyncratic risk varies dramatically across individual commodities, and that national 

terms of trade volatility could be reduced substantially by altering the export mix.   

They further find that countries with high terms of trade volatility tend to have a 

narrowly-based export bundle specializing in the most volatile primary commodities. 

The remainder of this paper is structured as follows.  Section 2 provides 

theoretical background to the analysis.  Annual price data and descriptive statistics on 

33 commodity prices for the period 1948 through 2006 are discussed in Section 3.  In 

Section 4, we develop a new methodology for examining cross-sectional variations of 

commodity returns and its two main components, which can be thought of as 

corresponding to within-group and between-group components.  The next section is 

concerned with the relationship between price changes and the level of volatility of 

commodity price index.  Section 6 uses portfolio theory to distinguish systematic and 

idiosyncratic risk factors in commodity price variations.  The final section offers 

caveats associated with the findings and provides a brief summary. 
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2. THEORETICAL FOUNDATIONS 

Suppose that there are n commodities with price vector ( )1 2,  ,  ...,  np p p ′=p  

and corresponding quantity vector ( )1 2,  ,  ...,  nq q q ′=q ,  so that 
1

n
i ii

m p q=
′= =�p q  

is the total value.  The value share of individual commodity i  is i i iw p q m= , which 

is positive and satisfies 
1

1n
ii

w= =� .  Taking the differential of m and using the 

identity that for any positive variable x , ( )logdx x d x= , we have 

(1) ( ) ( ) ( )
1 1

log log log
n n

i i i i
i i

d m w d q w d p
= =

= +� � . 

Equation (1) can be written as ( ) ( ) ( )log log logd m d Q d P= + , which is a 

decomposition of the change in m  into indices of overall quantity change and price 

change, where ( )logd Q  and ( )logd P  are the Divisia quantity and price indices are 

defined as ( ) ( )1
log logn

i ii
d Q w d q==�  and ( ) ( )1

log logn
i ii

d P w d p==� , 

respectively. 

If we define growth rate in the commodity price index and commodity i over the 

years t-1 and t by 1log logt t tDP P P−= −  and , 1log logit it i tDp p p −= − , respectively, 

then these two growth rates can be linked thus 

(2) 
1

n

t it it
i

DP w Dp
=

=� , 

where itw  is the arithmetic average value share of commodity i from year t to t-1 such 

that ( ), 11 2it it i tw w w −= + .  Equation (2) defines the index of prices as weighted first-

order moments of 1 ,  ...,  t ntDp Dp .  The corresponding second-order moment can be 

expressed as 

(3) ( )2

1

n

t it it t
i

w Dp DP
=

Π = −� . 

Equation (3) is a weighted variance of the price log changes such that tΠ  increases as 

the individual price growth rates ( )itDp  differ by more from that of the mean value 

( )tDP .  In other words, tΠ  represents the cross-sectional standard deviation, or the 

volatility of the prices.   
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Assessing the Risk: Global versus Idiosyncratic Shocks 

The most common approach for measuring price volatility or risk of a primary 

commodity is the coefficient of variation (CV) of the annual percent changes.  

However, CV can be criticized as being a limited measure as the information it 

conveys is restricted to overall volatility.  On the other hand, the capital asset pricing 

model (CAPM) is a useful framework for distinguishing the extent to which 

commodity price volatility consists of global versus commodity-specific risk.3  The 

idea behind the CAPM is that investors require compensation for the time value of 

money and risk.  CAPM states that the expected return of a security or a portfolio 

equals the rate on a risk-free asset plus a risk premium: 

(4) ( ) ( )i f i m fE r r E r rβ � �= + −� �, 

where ( )iE r  is the expected rate of return on security i;  fr  is the rate of return of a 

theoretical risk-free asset, representing the compensation required by investors for 

placing money in any investment over a period of time; and iβ measures the 

sensitivity of the security return to system-wide global fluctuations.  Generally, a 

higher iβ  corresponds to higher risk, since investors are risk averse and require a 

higher rate of return to compensate for holding a more risky asset.  In other words, iβ  

can be used as a volatility measure of the commodity relative to the market.  The term 

( )mE r  in equation (4) is the expected rate of return of the market portfolio, such as 

the Dow Jones Industrial Average or Standard & Poor’s 500 Index.  Accordingly, 

( )m fE r r−  is the difference between the expected market return and the risk-free rate, 

i.e., the risk premium, the amount of compensation that an investor needs for taking 

on additional risk. 

In the context of primary commodities, price variation comprises both global 

risk and idiosyncratic risk.  In order to decompose price movements into global and 

commodity-specific risk components, the annual growth rate itDp  is regressed against 

some appropriate proxy for the return on a portfolio of commodity prices.  For this 

purpose we use, tDP , the annual growth rate of a basket of primary commodities.  

That is, we estimate 

                                                 
3  The central foundation of the model was first formulated by Markowitz (1959) based on modern 

portfolio theory, and developed a few years later by Sharp (1964), Lintner (1965) and Mossin (1966) 
independently. 
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(5) it i i t itDp DPα β ε= + + , 

where iβ  measures the elasticity of itp  with respect to tP .  The value for the 

coefficient of determination for equation  (5), 2R , is interpreted as the fraction of the 

variation in the commodity price that is attributable to global fluctuations, as 

measured by DP, while 21 R−  measures the extent to which variation in prices arises 

from idiosyncratic factors that are independent of global factors.   

 

3. DATA: SOURCES, SAMPLE SELECTION AND DESCRIPTION 

Most previous studies in the economics literature use the Grilli and Yang (1988) 

(hereafter referred to as GY) index of real commodity prices to evaluate long-run 

commodity price movements.  The GY index comprises 24 primary commodity prices 

running from 1900 through 1986.  Unlike those studies, this paper covers a wider 

range of commodities with annual price data from 1948 to 2006.  As our data are 

more recent, they may provide an opportunity for understanding both long-term and 

recent commodity price behaviour.  Our analysis considers 32 non-fuel commodities 

plus crude oil that together comprise the bulk of world commodity trade.  The data on 

the 33 commodity prices from 1948 to 1993 are taken from Bidarkota and Crucini 

(2000).  We then used the World Bank Development Prospects Group’s primary 

commodity price databases to supplement the Bidarkota and Crucini (2000) data, 

providing a dataset from 1948 to 2006.4  

The data comprise annual nominal commodity prices, and are expressed in 

terms of US dollars.  The real commodity price is obtained by deflating the nominal 

price by the US CPI-U.5  In the subsequent analysis, no smoothing or data cleaning is 

undertaken for any of the price series. This is because while smoothing may help in 

the removal of outliers, it may also suppress some of the most important movements 

in the commodity price data sets. 

Before proceeding further, it is helpful to consider some of the salient features 

of the 33 individual commodity price series.  Table 1 reports the ADF results for 

testing for a unit root in each of the prices.  Three comments can be made about the 

                                                 
4   The world Bank data are from their Pink Sheet – World Bank Commodity Price Data, various issues.  

The author gratefully acknowledges the help of Betty Dow in providing these data.  Commodity 
price data are updated monthly by the World Bank.  Available from: 
<http://www.worldbank.org/prospects> [13 May 2007].  

5  The US CPI-U is taken from the US Department of Labor Bureau of Statistics.  Available from: 
<http://www.bls.gov> [10 May 2007].  
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results.  First, for 18 out of 33 prices in levels, the results in column 3 indicate the 

presence of a unit root, as it fails to reject the null hypothesis of a stochastic trend at 

the 5 percent significance level.  Second, after applying the logarithmic 

transformation, the corresponding p-values of the ADF test statistics are significant 

for only 9 out of 33 cases, providing strong evidence that the null hypothesis of a unit 

root cannot be rejected.  Lastly, the null of a unit root is rejected for all 33 

internationally-traded primary commodities when they are expressed in terms of 

logarithmic first differences.  In what follows, in order to induce stationarity, we use 

logarithmic first differences.  Log differences have the additional advantage of being 

dimensionless. 

Table 2 summarizes the data with commodities ranked by increasing mean price 

changes.  The average growth rate over nearly 60 years varies quite dramatically 

across the 33 commodities and is mostly negative with the exception of seven 

commodities showing a positive trend.  Whilst market conditions differ across 

commodities, the downward trend is quite generalized, suggesting that common 

systematic factors may be responsible for the observed price declines.  Commodities 

whose prices have risen over the period belong to the mining and resource sectors, 

except for crude oil and logs.  This is inconsistent with the findings of Clements 

(2004), who examined 24 commodity prices computed by GY from 1914-1986, only 

five of which were demonstrated to experience price increases—none belonging to the 

metals category.  This discrepancy is expected due to recent strong international 

demand for metals, in particular by China and other emerging markets, which have 

become key drivers of price dynamics in these markets.  The rise of China suggests a 

fundamental change, having the effect of a long-term hardening of metals prices.  

The highest annual growth rate of 127 percent was recorded in 1973-74 for 

phosphate rock, the lowest being -104 percent for copra in 1974-75.6  The volatility of  

                                                 
6  Since any positive variable cannot fall by more than 100 percent and still stay positive, it is 

important to clarify that the underlying data are annual logarithmic changes.  For small changes, a 
log-change, when multiplied by 100, is approximately a percentage change.  The exact relationship 
between the two types of changes is as follows: write 1,loglog −−= tiitit ppDp  for the log-change 

in the price of commodity i.  Then, the corresponding percentage change is: 

( ) ( ), 1

, 1

100
100 1itit i t Dp

i t

p p
e

p
−

−

× −
= × − . 

Accordingly, the lowest price change is copra for which 04.1−=itDp , the implied percentage 

change is ( ) 651100 04.1 −=−× −e  percent. 
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Table 1 

Augmented Dickey-Fuller Unit Root Tests for 33 Real Commodity Prices – Annual Observations, 1948-2006 
 

Level  Log   Log First Difference 
Commodity t-stat p-value lags  t-stat p-value lags  t-stat p-value lags 

(1) (2) (3) (4) � (5) (6) (7) � (8) (9) (10) 
1. Aluminium -4.03  0.01 * 1 -3.87 0.02* 1 -6.59  0.00 ** 0 
2. Bananas -3.38  0.06  0 -4.05 0.01* 0 -7.81  0.00 ** 1 
3. Bauxite -1.73  0.72  0 -1.61 0.77  0 -7.13  0.00 ** 0 
4. Beef -2.13  0.52  0 -2.03 0.57  0 -7.02  0.00 ** 0 
5. Cocoa -3.02  0.14  1 -1.89 0.64  2 -7.01  0.00 ** 1 
6. Coconut oil -1.65  0.76  4 -2.77 0.22  2 -9.75  0.00 ** 1 
7. Coffee -3.40  0.06  0 -3.11 0.11  0 -7.30  0.00 ** 0 
8. Copper -2.58  0.29  0 -2.91 0.17  1 -5.69  0.00 ** 0 
9. Copra -5.45  0.00 ** 1 -2.98 0.15  2 -9.49  0.00 ** 1 
10. Cotton -3.37  0.07  0 -2.94 0.16  0 -7.67  0.00 ** 1 
11. Crude oil -1.81  0.69  0 -1.79 0.70  0 -6.79  0.00 ** 0 
12. Groundnut meal -3.96  0.02 * 0 -2.48 0.34  0 -7.51  0.00 ** 1 
13. Groundnut oil -3.42  0.06  0 -3.30 0.08  0 -8.27  0.00 ** 1 
14. Iron ore -2.92  0.16  1 -2.79 0.21  1 -4.90  0.00 ** 0 
15. Jute -4.41  0.00 ** 1 -3.34 0.07  1 -8.36  0.00 ** 3 
16. Lead -3.35  0.07  0 -2.54 0.31  0 -6.74  0.00 ** 0 
17. Logs -3.18  0.10  0 -2.97 0.15  0 -7.55  0.00 ** 1 
18. Maize -3.68  0.03 * 1 -3.20 0.10  0 -7.09  0.00 ** 1 
19. Nickel -2.40  0.38  0 -2.58 0.29  0 -6.49  0.00 ** 1 
20. Oranges -4.48  0.00 ** 0 -3.23 0.09  0 -10.22  0.00 ** 0 
21. Palm oil -2.75  0.22  2 -2.07 0.55  2 -9.41  0.00 ** 1 

 
(Table continues on the next page.) 
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Table 1 (continued) 

Augmented Dickey-Fuller Unit Root Tests for 33 Real Commodity Prices – Annual Observations, 1948-2006 
 

Level  Log   Log First Difference 
Commodity t-stat p-value lags  t-stat p-value lags  t-stat p-value lags 

(1) (2) (3) (4) � (5) (6) (7) � (8) (9) (10) 
22. Phosphate rock -4.66  0.00 ** 1 -4.02 0.01* 1 -6.80  0.00 ** 1 
23. Rice -4.70 0.00 ** 1 -2.46 0.34  2 -7.12  0.00 ** 1 
24. Rubber -4.36 0.01 ** 0 -5.37 0.00** 1 -8.69  0.00 ** 1 
25. Sorghum -3.15 0.11  1 -2.50 0.32  0 -6.59  0.00 ** 0 
26. Soybean meal -4.45 0.00 ** 0 -3.22 0.09  0 -8.60  0.00 ** 1 
27. Soybeans -3.64 0.03 * 0 -2.84 0.19  0 -8.40  0.00 ** 0 
28. Sugar -3.90 0.02 * 0 -3.77 0.03* 1 -6.49  0.00 ** 0 
29. Tea -3.97 0.02 * 0 -3.80 0.02* 0 -8.18  0.00 ** 0 
30. Tin -1.64 0.76  0 -1.64 0.76  0 -7.04  0.00 ** 0 
31. Tobacco -3.04 0.13  0 -4.15 0.01** 2 -7.58  0.00 ** 0 
32. Wheat -4.61 0.00 ** 1 -4.00 0.01* 1 -6.75  0.00 ** 1 
33. Zinc -3.92 0.02 * 1 -3.69 0.03* 1 -5.44  0.00 ** 0 

 
Notes: 1. The regression is 1 1 1t t i t i ti

y t y yα β ρ ρ ε− −≠= + + + +�  for real commodity prices in levels, logarithms and first 

differences of the logarithms, with an automatic lag length selection using a Schwarz Information Criterion and 
maximum lag length set equal to 10.   

 2. Double and single asterisks (** and *) denotes the p-value significant at the 1% and 5% levels, respectively.  
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this annual growth rate is remarkable—the standard deviation of the price changes 

ranges from 10 percent for tobacco, to as high as 39 percent for sugar (see column 6).  

Despite ranking lowest in the price fluctuation ladder, the price movement for tobacco 

is nowhere close to being stable.  The average volatility of the annual change in 

logarithm returns for the 33 commodity prices over the period 1948 to 2006 is more 

than 21 percent (last row of column 6).  Clearly, on a year-to-year basis, commodity 

prices are highly volatile—and this volatility would be even higher if monthly or daily 

data were used, as the use of annual rather than monthly data has the effect of 

smoothing out many of the short-term fluctuations.  Some commodities are associated 

with annual percent changes well over 100 percent (columns 7 and 8), which is 

obviously huge.  Table 2 demonstrates a relatively large dispersion in price changes 

(column 6) that dominates small secular changes (column 2) for all cases.  In other 

words, the long-term trend for each individual commodity appears to be widely 

variable, reflecting the large uncertainties associated with these commodities. 

In constructing an index of commodity prices, one importance issue to consider 

is whether equal weighting, instead of a consumption/production weighting system, 

introduces substantial bias.  To investigate this issue, Figure 4 sets out both the 

weighted GY commodity price index (“GYCPI”), together with an equally-weighted 

index of this study over the period 1948 to 2003.  Both indices are expressed in terms 

of levels with a common base year for easy comparison.  An interesting feature about 

Figure 4 is the high degree of correlation between the two indices; the correlation is 

0.995 over 1948 to 1986 (denoted by unshaded region), and increases slightly to 0.996 

when the GYCPI is extended to 2003 (denoted by shaded region) by Pfaffenzeller et 

al. (2007) (both p-values < 0.01).  This finding is remarkable since there are 

qualitative differences in the values of the two price indices, one uses 24 export-

weighted commodities and the other 33 equally-weighted primary commodities.  

Given the high correlation between the two series, the equally-weighted price index 

employed in this paper seems to support the notion that the trends in broad indices of 

the prices of primary commodities are not much affected by the different weighting 

systems used to compute them. 
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Table 2 

Summary Statistics – Logarithmic Changes in Real Prices of 33 Commodities  
Annual Observations, 1948-2006 

 
� Standard Deviation �Commodity Mean  Median 

1948-71 1972-06 1948-06 
Minimum Maximum Jarque-Bera p-value 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
�  �  �  �  � �  �  �  � �  �  �  �  
              

1. Jute -3.85 -2.68  28.16 22.66 24.84  -86.00 52.10 17.10 0.00 ** 
2. Groundnut meal -3.54 -2.80  9.61 26.03 20.06  -65.86 71.91 38.57 0.00 ** 
3. Palm oil -3.33 -1.00  13.78 28.06 23.31  -68.59 49.19 0.71 0.70  
4. Copra -3.28 0.47  19.59 39.62 32.95  -103.63 85.74 2.64 0.27  
5. Coconut oil -3.14 0.63  16.48 39.52 32.20  -101.80 72.46 4.20 0.12  
6. Tea -3.05 -4.64  12.32 18.65 16.31  -59.11 49.61 24.06 0.00 ** 
7. Cotton -2.94 -3.93  12.73 20.67 17.82  -40.22 47.54 4.55 0.10  
8. Rice -2.83 -2.93  11.88 23.85 19.86  -55.97 69.68 20.57 0.00 ** 
9. Tobacco -2.55 -3.03  11.27 9.57 10.25  -27.33 20.25 0.83 0.66  
10. Soybean meal -2.47 -2.42  15.63 23.94 20.89  -60.02 79.03 33.32 0.00 ** 
11. Cocoa -2.39 -3.94  28.02 24.68 25.84  -57.26 55.40 1.85 0.40  
12. Soybeans -2.35 -3.84  16.44 18.07 17.30  -46.23 66.79 40.00 0.00 ** 
13. Groundnut oil -2.29 -5.33  13.97 26.11 21.96  -63.80 57.46 3.11 0.21  
14. Wheat -2.24 -2.00  6.50 18.84 15.16  -31.58 66.46 103.43 0.00 ** 
15. Sorghum -2.16 -2.18  8.97 16.18 13.68  -33.65 44.69 6.70 0.04 * 
16. Maize -1.84 -3.92  12.12 17.73 15.65  -37.06 49.93 14.80 0.00 ** 
17. Oranges -1.80 -4.62  15.68 13.62 14.56  -37.88 46.63 5.65 0.06  
18. Lead -1.55 -0.13  20.54 25.19 23.36  -43.95 51.68 0.88 0.64  
19. Sugar -1.51 -0.33  37.50 40.00 38.69  -103.59 103.47 5.70 0.06  

 
(Table continues on the next page.) 
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Table 2 (continued) 

Summary Statistics – Logarithmic Changes in Real Prices of 33 Commodities  
Annual Observations, 1948-2006 

 
� Standard Deviation �Commodity Mean  Median 

1948-71 1972-06 1948-06 
Minimum Maximum Jarque-Bera p-value 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
�  �  �  �  � �  �  �  � �  �  �  �  
              

20. Tin -1.26 -1.02  12.85 21.64 18.55  -64.58 52.71 13.32 0.00 ** 
21. Phosphate rock -1.10 -2.37  9.05 26.87 21.51  -67.72 126.88 1,180.63 0.00 ** 
22. Coffee -1.06 -3.96  17.48 29.91 25.55  -57.45 72.62 6.89 0.03 * 
23. Rubber -0.97 -3.75  29.88 21.84 25.14  -47.82 84.32 11.03 0.00 ** 
24. Bananas -0.93 -0.85  8.28 13.92 11.96  -36.64 31.00 6.08 0.05 * 
25. Bauxite -0.60 -1.93  9.89 13.61 11.77  -16.90 51.37 289.20 0.00 ** 
26. Beef -0.16 -0.13  8.52 13.82 12.35  -34.46 27.72 0.60 0.74  
27. Aluminium 0.02 0.60  4.33 18.87 14.82  -31.52 44.81 2.92 0.23  
28. Zinc 0.36 0.63  21.57 28.03 25.56  -69.58 83.16 16.24 0.00 ** 
29. Iron ore 0.51 -1.61  11.27 13.15 12.36  -16.81 50.61 41.47 0.00 ** 
30. Logs 0.57 -0.22  14.42 22.74 19.72  -39.86 59.14 5.57 0.06  
31. Copper 0.71 -0.82  20.20 24.24 22.54  -59.69 57.10 0.29 0.87  
32. Crude oil 2.08 -4.26  9.13 32.70 26.30  -65.71 125.82 196.73 0.00 ** 
33. Nickel 2.21 1.84  5.15 28.16 22.00  -45.90 99.90 92.66 0.00 ** 

              
�  All commodities -1.47 -1.90 � 16.45 24.13 21.38 � -103.63 126.88 � �  �   

Sources:  The 33 commodity annual time series data are taken from Bidarkota and Crucini (2000) and the World Bank, Development Prospects Group 
primary commodity price databases. 

Notes:   The underlying data are calculated as nominal commodity prices deflated by the US CPI-U over the period 1948 to 2006.  Entries in columns 2 to 
8 are to be divided by 100.  The Jarque-Bera statistic tests the null hypothesis that the distribution conforms to a Gaussian normal distribution.  
Significance at the 1% and 5% confidence levels is indicated by ** and *, respectively. 
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Figure 4 

Index of Nominal Non-Fuel Commodity Prices – Annual Observations (1948-2003) 
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Sources:  1.  GYCPI (unshaded region): Grilli and Yang (1988). 
 2. Extension of GYCPI (shaded region): Pfaffenzeller et al. (2007). 
 3. CI: Annual time series data are taken from Bidarkota and Crucini (2000) and the 

World Bank, Development Prospects Group primary commodity price database. 
Note: GYCPI and extension of GYCPI are based on 24 internationally-traded non-fuel 

primary commodities, whereas CI is based on 32 non-fuel commodities.  All 
price series are indexed to their 1977-1979 average. 

 

4. VOLATILITY OF COMMODITY PRICES 

A striking feature of the behaviour of primary commodities after the collapse of 

the Bretton Woods fixed exchange rate system has been the high level of price 

volatility, though this does not imply volatility was particularly low prior to 1971.  

Results in columns 4 and 5 of Table 2 reveal that commodity price volatility on 

average has been higher in the post-1971 period than in the previous 20 years for all 

except 5 commodities.  Overall, price volatility averages about 21 percent from 1948 

to 2006.  This section sheds light on the nature and sources of this volatility.   

 

A Group-Wise Decomposition 

Suppose we group the n commodities into G categories, denoted by 

1 2,  ,  ...,  GS S S , where G < n.  Each commodity i belongs to one category only, so 

generally one can write gi S∈ , and g = 1, …, G.  As nwit 1=  is the weight of 

commodity i with 
1

1n
iti

w= =� , one can define nnwW ggSi itgt ==� ∈  as the 

weight for group g, with 1 1G
gtg

W= =� , where gn  is the number of goods in group g.  

GYCPI 

CI (this study) 

Year 

Extension 

Index (1977-79 = 100) 
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Let the share of gi S∈  within its group be 1it it gt gw w W n′ = = , which satisfies 

1
g

iti S
w∈

′ =� .  Then gtDP , the logarithmic annual return for group g at time t, can be 

written as 

(6) 
g

gt it it
i S

DP w Dp
∈

′= � . 

Given that the overall, or composite, price index was defined earlier as 

1
n

t it iti
DP w Dp==� , it can be written in terms of gtDP  as 

(7) 
1

G

t gt gt
g

DP W DP
=

=� , 

A comparison of equations (6) and (7) with equation (2) reveals that the model is 

consistent in aggregation.  To clarify this, consider two ways to compute the overall 

price index tDP :  

A.  Use the prices to compute the G group indices, gtDP , g = 1, …, G, 

according to equation (6) and then take the weighted average of these to 

gives the overall index tDP  according to equation (7). 

B. Compute tDP  directly from equation (2). 

Consistency in aggregation means that these two approaches give exactly the same 

result for tDP .  

We shall use G = 3 groups, food, non-food agricultural and metals commodities.  

The commodities in each sub-index are given in Table A1.1 of Appendix A1.  Note 

that since crude oil does not belong to any of the sub-groups, in what follows, we use 

n = 32 rather than 33.  Rows 1 to 7 of Table 3 show the decomposition of the total 

index by decades and rows 8 to 9 break the sample period on the basis of exchange 

rate regimes.  Metals is the only group experiencing positive average growth in real 

prices over the past 58 years.  This positive growth is primarily attributed to the strong 

price increases over the period 2001-2006, when prices grew by more than 10 percent 

per annum.  In contrast, the recent upturns in food and non-food prices have been 

comparatively small at about one-third of the growth of metals.  Table 3 shows that 

food prices declined in all periods except for 1971-1980 and 2001-2006.  Although 

annual growth rate is positive during these two periods, it is either significantly lower 

than or approximately the same as the average growth rate tDP .  The growth rate of 
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non-food prices is bounded by that of metals from above, and of food from below.  

The recent upturn in commodity prices has been large and rapid and is rivalled by 

only one other period over the last 58 years which is the commodity price boom of the 

1970s.  Over these two periods, prices for all three groups show a persistent upward 

trend. 

 

Table 3 

Average Annual Growth Rate for Commodity Sub-Categories, 1948-2006 
 

Sub-Indices 
Food Non-Food Metals 

Total 

Period 1tDP  2tDP  3tDP  tDP  
 (1) (2) (3) (4) (5) 

1. 1948-1950 -2.66 4.27 1.77 -0.33 
2. 1951-1960 -3.24 -1.26 -0.88 -2.27 
3. 1961-1970 -1.07 -4.81 0.22 -1.29 
4. 1971-1980 1.96 2.38 2.76 2.25 
5. 1981-1990 -7.56 -4.61 -4.29 -6.18 
6. 1991-2000 -4.47 -4.73 -4.38 -4.52 
7. 2001-2006 3.36 2.03 10.78 5.15 
      

8. 1948-1971 -2.42 -2.42 -0.48 -1.87 
9. 1972-2006 -2.10 -1.54 0.39 -1.34 
      

10. 1948-2006 -2.22 -1.89 0.04 -1.55 
 
Note: All entries are to be divided by 100 and are simple averages over the 

corresponding periods. 
 

Equation (6) is a weighted first-order moment of 1 ,  ...,  
gt n tDp Dp .  The 

corresponding second-order moment is 

(8) ( )2

g

gt it it gt
i S

w Dp DP
∈

′Π = −� , 

which measures the dispersion across commodities within the group.  Table 4 gives 

gtΠ  for the period 1948 to 2006.  Over the fixed exchange rate regime, prices of 

metals tended to be reasonably tranquil with a standard deviation of 0137.03 =Π , 

or about 12 percent.  In contrast, metals price volatility increased substantially after 

the collapse of the Bretton Woods fixed exchange rate system.  On average, the 

volatility of food prices also increased substantially from the fixed to managed-
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floating exchange rate systems, but non-food remained fairly stable.  This finding is 

consistent with earlier work by Deaton and Laroque (1992) and agrees with previous 

research indicating exchange-rate movements as a major cause of commodity price 

instability (see, for example, Sjaastad and Scacciavillani 1996).  Finally, the last row 

of Table 4 shows that on average over the whole period, there is greater price 

dispersion for food as a group, followed by non-food and metals.  Overall, Table 4 

shows that price volatility appears to be persistent over time. 

One other feature of Table 4 is worthy of note.  Column 5 gives the weighted 

average of the within-group variances.  Interestingly, this value is always lower but 

close to the total variance shown in the last column.  Looking at the last entries of the 

last two columns of the table, the differences is on average 13.346.3 −  = 33 basis 

point.  What is the reason for this discrepancy between the two values?  The answer is 

provided in the next sub-section. 

 

Table 4 

Average Price Variability for Commodities, 1948-2006 
 

Sub-Indices 

Food Non-Food Metals 

Weighted  
average  Total 

Period t1Π � t2Π � t3Π � gtg gtW Π� =
3

1 � tΠ �

 (1) (2) (3) (4) (5) (6) 
1. 1948-1950 5.84 7.74 0.72 4.70 5.18 
2. 1951-1960 1.75 3.64 1.67 2.02 2.44 
3. 1961-1970 2.58 1.24 1.22 1.99 2.13 
4. 1971-1980 6.98 2.68 4.58 5.63 5.94 
5. 1981-1990 4.07 2.81 3.15 3.61 3.93 
6. 1991-2000 2.78 2.80 1.44 2.42 2.68 
7. 2001-2006 2.83 1.53 2.76 2.61 3.18 
       

8. 1948-1971 2.44 2.84 1.37 2.20 2.49 
9. 1972-2006 4.40 2.60 3.06 3.75 4.10 
       

10. 1948-2006 3.62 2.69 2.39 3.13 3.46 
 

Notes: 1.  All entries are to be divided by 100 and are simple averages over the 
corresponding periods. 

 2. The total variance tΠ  shown in the last column is defined as 

( )32 2
1 it it ti
w Dp DP= −� . 

 

 

1641



 19

Within- and Between-Group Volatility 

As demonstrated earlier, the cross-sectional standard deviation of world 

commodity prices at time t is given by equation (3), ( )2
1

n
t it it ti

w Dp DP=Π = −� .  In 

the context of commodity sub-groups, some of the cross-sectional price dispersion are 

potentially the consequence of within-group variations while the remaining variations 

can be attributed to between-group components.  This sub-section analyses the 

importance of each component by means of a simple decomposition.8  Consider the 

identity ( ) ( ) ( )
2 2 2

1 1
1 1n n

i ii i
n x x n x x= =− = −� � .  One can then use a weighted 

version of this identity to express the cross-sectional price variance of equation (3) as  

(3�) 2 2
1

n
t it it ti

w Dp DP=Π = −� , 

while the cross-sectional variance of group g, equation (8), is 

2 2
g

gt it it gti S
w Dp DP∈

′Π = −� .  Take the weighted average of the G group variances to 

obtain 

2 2 2 2

1 1 1 1g

G G n G

gt gt gt it it gt it it gt gt
g g i S i g

W W w Dp DP w Dp W DP
= = ∈ = =

� �
� 	′Π = − = −
� 	

 �

� � � � � . 

Rearrange and bring the term 2
1

n
it iti

w Dp=�  to the left-hand side so that 

(9) 2 2

1 1 1

n G G

it it gt gt gt gt
i g g

w Dp W W DP
= = =

= Π +� � � . 

Substituting equation (9) into equation (3�), the variance for n commodities can be 

written as the sum of the weighted average of the variances for the G sub-groups and 

the variance between the sub-groups: 

(10) ( )2

1 1

G G

t gt gt gt gt t
g g

W W DP DP
= =

Π = Π + −� � . 

Equation (10) provides a simple and elegant decomposition.  The total price volatility 

can be decomposed into two components: The first term is a weighted average of 

1 ,  ...,  t GtΠ Π , the variances of the G groups, corresponding to a “within-group” 

                                                 
8  The decomposition analysis used in this paper is based on that of Chan and Clements (2007).  They 

investigate the cross-country distribution of the world economic growth, and the components of 
growth volatility. 
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component.  The second term, ( )2

1
G

gt gt tg
W DP DP= −� , is a “between-group” 

component.  This thus provides the answer to the question raised at the end of the 

previous sub-section regarding the discrepancy between the total variance and the 

weighted average of the variances over the G sub-groups.  Since the difference 

between the two values is small in Table 4, we see that the between-group component 

is not a dominant factor affecting the overall variance.  In other words, within each 

commodity group on average, there is more price volatility relative to that between 

groups.  The above also shows that tΠ  always exceeds 1
G

gt gtg
W= Π�  since the 

between-group component is always a positive value.  This can be confirmed by a 

comparison of columns 5 and 6 of Table 4. 

Table 5 demonstrates that the total price variance can be decomposed into 

within- and between-group components, and that the discrepancy observed earlier in 

Table 4 can be explained by the between-group component, given in columns 6 to 9 

of Table 5.  The within-group component (column 5) first decreases over time until 

the breakdown of the Bretton Woods fixed exchange rate system.  This is where the 

within-group component rises almost three-fold compared to the previous decade and 

reaches a record high with average annual growth of 5.63 percent, but thereafter 

decreases substantially.  The between-group component shows a similar pattern over 

time except that the highest price variation is recorded after the turn of the century.  

This finding supports the view that relative prices of primary commodities exhibit 

greater volatility under flexible relative to fixed exchange rate regimes.  On average, 

real price variability under the floating exchange period is roughly 30 percent larger 

than under the fixed exchange period (that is, 4.10 2.49 1.3≈ ).  The volatility of 

commodity price returns, tΠ , is 15.8 percent over the pre-1972 period, and grew 

substantially higher post-1972 to 20.2 percent per year. 

Interestingly, in the within-group components, food (column 2) is the dominant 

source of dispersion.  Such a result may not come as a surprise since the commodities 

in this group alone account for nearly 60 percent of the share of the overall price 

index.  In addition, the effect of the between-group component is significantly smaller 

than its within-group counterparts in overall price volatility.  In all cases, the between-

group component accounts for less than 20 percent of price variability, whereas the 

within-group component accounts for the remaining 80 percent. 
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Table 5 

Decomposition of Price Volatility into Within- and Between-Group Components, 1948-2006 
 

 Within-Group Components  Between-Group Components 
 Food Non-Food Metals Sum  Food Non-Food Metals Sum 

Total  
Variance 

 Period 
1 1W Π  2 2W Π  3 3W Π  

3

1
g g

g

W
=

Π�  
 

( )2
1 1W DP DP−  ( )2

2 2W DP DP−  ( )2
3 3W DP DP−  ( )

3 2

1
g g

g
W DP DP

=
−�  tΠ  

� (1) (2) (3) (4) (5) � (6) (7) (8) (9) (10) = (5) + (9) 
1. 1948-1950 3.28 1.21 0.20 4.70  0.11 0.07 0.30 0.48 5.18 
2. 1951-1960 0.98 0.57 0.47 2.02  0.09 0.17 0.16 0.42 2.44 
3. 1961-1970 1.45 0.19 0.34 1.99  0.04 0.05 0.06 0.15 2.13 
4. 1971-1980 3.92 0.42 1.29 5.63  0.08 0.08 0.15 0.31 5.94 

5. 1981-1990 2.29 0.44 0.89 3.61  0.07 0.14 0.10 0.32 3.93 
6. 1991-2000 1.59 0.44 0.39 2.42  0.08 0.05 0.14 0.27 2.68 
7. 2001-2006 1.62 0.25 0.75 2.61  0.15 0.04 0.38 0.57 3.18 
            

8. 1948-1971 1.37 0.44 0.38 2.20  0.07 0.10 0.12 0.29 2.49 
9. 1972-2006 2.49 0.41 0.85 3.75  0.09 0.08 0.18 0.35 4.10 
            

10 1948-2006 2.04 0.42 0.67 3.13 � 0.08 0.09 0.15 0.33 3.46 
 
Note: All entries are to be divided by 100 and are simple averages over the corresponding periods. 
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More Decompositions – A CAPM Approach 

Consider the change in the price of commodity i relative to the mean, 

it tDp DP− .  It is natural to consider the weighted deviation ( )titit DPDpw − , which 

satisfies ( ) 0it it ti
w Dp DP− =� .  Suppose this weighted deviation is a linear function 

of the price index, tDP : 

 (11) ( )it it t i i t itw Dp DP DPα β ε′ ′ ′− = + + , 

where iα ′  is the intercept, iβ ′  is the slope coefficient and itε ′  is the error term 

reflecting omitted factors.  As ( )1
0n

it it ti
w Dp DP= − =� , each term on the right-hand 

side of equation  (11) has a zero sum over the n commodities, which implies 

(12) 
1 1 1

 0
n n n

i i it
i i i

α β ε
= = =

′ ′ ′= = =� � � . 

Now assume individual commodities are grouped into their respective 

categories: food, non-food and metals.  Then if we add the left-hand side of equation  

(11) over gi S∈  we obtain 

( ) ( )
g g g

it it t it it it t gt gt t
i S i S i S

w Dp DP w Dp w DP W DP DP
∈ ∈ ∈

− = − = −� � � , 

where � ∈=
gSi itgt wW  is the share for group g, as before.  Similarly, the right-hand 

side of equation  (11) can be aggregated as 

g g g
i i it g g t gti S i S i S

DP A B DP Eα β ε∈ ∈ ∈
′ ′ ′+ + = + +� � �  , where 

g
g ii S

A α∈
′=� , 

g
g ii S

B β∈
′=� , and 

g
gt iti S

E ε∈
′=� .  Therefore, the group-wise version of equation  

(11) for group g takes on the form 

(11�) ( ) gttggtgtgt EDPBADPDPW ++=− . 

Comparing equation  (11) with  (11�), we see that the latter is just an 

“uppercase” version of the former, so that the model is consistent in aggregation.  As 

shown from equation (7), tDP  is the weighted average of all gtDP , indicating that the 

summation of the weighted deviation of growth in group g from the average growth 

rate is zero, such that ( ) 01 =−� =
G
g tgtgt DPDPW .  As the left-hand side of equation  
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(11�) when summed over the g sub-groups is zero, it follows that the right-hand side 

of equation  (11�) satisfies 

(13) 0
111

���
===

===
G

g
gt

G

g
g

G

g
g EBA . 

To interpret equation  (11�), divide by gtW  and add tDP  to the both sides, to obtain 

the growth of group g as 

(14) 
gt

gt
t

gt

g

gt

g
gt W

E
DP

W

B

W

A
DP +

	
	

�

�

�
�




�
++= 1 . 

Equation (14) is exactly the same as the CAPM equation mentioned earlier in Section 

3 but now refers to groups of commodities rather than individual commodities.  

Therefore, the first term on the right of equation (14) is the intercept that captures the 

influence of idiosyncratic factors independent of common factors unique to each 

group g.  The second term is the slope coefficient, representing the return to group g 

that is attributed by the systematic factors common to all commodity groups.  Finally, 

the last term, gtgt WE , denotes the remaining risk factors not captured by systematic 

or idiosyncratic risk.  The term ( )gtg WB+1  also measures the elasticity of gtP  with 

respect to tP .  In other words, if the growth rate of the prices of group g coincides 

with mean growth rate tDP ,  the elasticity is unity, so that gtg WB , or simply gB , is 

zero.  The term gtg WB  is the beta coefficient for group g.  The coefficient, gB , can 

be positive or negative depending on whether group g grows faster or slower relative 

to the mean growth rate.  

Table 6 presents the OLS estimates of equation  (11�)  for G = 3 sub-indices 

over the period 1948 to 2006.  The intercept gA  represents the impact of overall 

growth for each group g attributed by idiosyncratic risk factors and is found to be 

insignificantly different from zero for all three sub-groups.  This result is consistent 

with the portfolio theory: when combining an individual commodity into its respective 

category, such diversity helps to eliminate the effects of highly idiosyncratic events 

which are likely to have large implications for the individual commodity markets.  In 

other words, when aggregated into sub-indices, the overall risk is reduced without 

sacrificing any returns.  In such cases, systematic economic forces have become the 
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major source of price instability influencing the world commodity markets.  The 

elasticity of growth (column 7) for the food subgroup is 1.04—only slightly higher 

than its metals counterpart, which has an elasticity of 1.02.  Hypothesis testing reveals 

that both elasticities are statistically insignificantly different from unity (see columns 

4 and 5).  On the other hand, the non-food elasticity of growth is shown to be 

substantially lower than those of the food and metals sub-groups, being equal to 0.82 

over the sample period. 

 

Table 6 

Price Growth Decomposition into Systematic and Idiosyncratic Risk, 1948-2006 
 

Intercept gA   Slope gB  

Sub-Index Coefficient SE  Coefficient SE 
g gtA W  

Elasticity 
1 g gtB W+  

(1) (2) (3) � (4) (5) (6) (7) 
1. Food -0.29  0.32   0.02  0.03  -0.51  1.04  
2. Non-food -0.11  0.18   -0.03  0.02  -0.69  0.82  
3. Metals 0.40  0.30   0.01  0.03  1.41  1.02  
         
�  Sum 0.00  �  � 0.00  �  �  �  

 
Note: SE denotes standard error. 

 

5. ON THE RELATION BETWEEN PRICES AND VOLATILITY 

The proposition that the average rate of change of prices has an effect on the 

variability of relative price changes has given rise to an extensive empirical literature.  

Vining and Elwertowski (1976) conclude that there is a positive relationship between 

the variance of relative prices and the general price change, although the authors fail 

to provide any explanations of their result.  In contrast, Parks’ (1978) seminar paper 

considers a multimarket model of prices that he applies to the US over the periods 

1930-1941 and 1948-1975.  His results show a significant association between the 

variance of relative prices and the rate of inflation.  However, it must be emphasised 

that Parks’ findings are controversial as several authors subsequently argued that the 

relationship between price variability and inflation is only a by-product of the oil 

shock in 1974.9   This section considers if the variability of commodity prices is 

related to their overall average change. 

                                                 
9  See, for example, Bomberger and Makinen (1993) and Jaramillo (1999). 
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There can be little doubt that the collapse of Bretton Woods fixed exchange rate 

system has contributed substantially to the variability of the prices of internationally-

traded primary commodities.  Panel A of Figure 5 shows the plot of annual volatility 

of 33 commodity price series, tΠ , against time.  Interestingly, price volatility has a 

tendency to revert back to the mean over time.  This finding is consistent with 

Pindyck (2001) who examines price volatility at the individual commodity level.  By 

using daily and weekly data for the three commodities that make up the petroleum 

complex, he finds rapid mean reverting of price volatilities for crude oil, heating oil 

and gasoline over the period 1984 to 2001.   

 

Figure 5 

Annual Volatility and Composite Price Index, 33 Commodity Prices, 1948-2006 
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There is evidence of lower price volatility prior to the 1970s.  Generally, 

volatility fluctuates up and down quite sporadically and there appears to be a sudden 

rise in 1974.  What has caused this jump in volatility?  Panel B above shows real price 

index for 33 commodities, which provide some indications about the rapid change in 

volatility level shown in Panel A.  The sharp rise in the price index following the 

effects of the Arab oil embargo in 1973 seems to be the cause of the spike in volatility.  

As illustrated by the gray dotted line, the peak in the level of volatility coincides well 

with the peak in the overall price index.  Furthermore, the spikes observed in Panel A 

in year 1951 and 1986 seem to perfectly match either a peak or trough in the 

corresponding price index in Panel B.  This thus provides some preliminary evidence 

regarding to interrelationship between volatility and the level of commodity prices. 

Figure 6 shows the plot of annual volatility together with the log-changes of the 

price index (fuel included) from 1948 to 2006.  It can be seen that when volatility is 

relatively low over the period 1954 to 1972, the price index is mostly below its 58-

year average and corresponds to modest price changes that tend to fall in the band ±10 

percent.  Throughout the remaining period where the rates of change in volatility are 

much higher, the index of price changes itself tends to be more volatile. 

 

Figure 6 

Relationship between Volatility and Relative Change in Price Index, 1948-2006 
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Next, Figure 7 provides the same information in the form of a scatter plot of 

volatility against the absolute value of tDP .  Only four out of the 58 points lie below 

the 45-degree line, suggesting that volatility is higher than average price changes.  
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This observed difference between the behaviour of commodity price variance and 

change in relative prices was noted previously (see, for example, Cashin and 

McDermott 2002; Deaton 1999).  The four points that lie below the 45-degree line 

correspond to 1973, 1981, 1982 and 1985.  In 1973 there is a positive price change of 

35 percent.  In contrast, world commodities experienced a fall in prices for the other 

three years, -17 percent in 1981, -21 percent in 1982 and -19 percent in 1985.  The 

most important question is: does the conclusion drawn by Parks (1978) regarding to 

the relationship between inflation rate and variance of relative prices changes still 

survive?  Figure 7 indicates a positive relationship between the two variables with a 

correlation coefficient of 0.55; this decreases slightly to 0.49 when the 1974 

observation is excluded.  Both these estimates are statistically significant at the 1 

percent level.   

A summary of this material is as follows.  There is a strong and positive 

relationship between the variance of relative price changes and the average rate of 

price changes.  In addition, this relationship remains strong even after removing data 

from 1974, when the price of oil suffered severe shocks.  Such results are inconsistent 

with the evidence from previous studies. 

 

Figure 7 

Scatter Plot of Volatility Against Absolute Log-Changes in Relative Price Index, 

1948-2006 
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6. GLOBAL VERSUS IDIOSYNCRATIC RISK 

This section splits fluctuations in commodity prices into global and 

idiosyncratic parts.  Variations in commodity returns may be the result of common 

movements in macroeconomic variables that affect the demand for or the supply of 

broad sets of commodities, as well as commodity-specific factors that are unique to 

each commodity.  Conceptually, the former component cannot be diversified away by 

combining with other commodities in a portfolio, whereas the latter can.  A better 

understanding of these two components provides some indication of the gain from 

export diversification.   

To differentiate global risk from idiosyncratic risk, equation (5) is estimated.  

The dependent variable is returns, while the independent variable is the return on an 

equal-weighted commodity price index (fuel included).  The results are given in Table 

7.  Commodities are divided into their respective categories and ranked in ascending 

order according to the estimated slope coefficient, iβ , for i = 1, …, 33 (column 4).  

All 33 commodities have estimated intercept terms that are statistically insignificant.  

The slope coefficient iβ  can be used to approximate the overall volatility of an 

individual commodity’s return relative to the world commodity market returns.  

According to the table, copra has the largest slope coefficient of 2.36, indicating 

the price of copra increases by more than 2 percent when the index increases by 1 

percent.  In other words, copra is very sensitive to worldwide macroeconomic factors.  

Conversely, iron ore has an insignificant β  of 0.01, implying the price of iron ore is 

almost completely insensitive to systematic global factors.  One explanation for such a 

phenomenon is that iron ore is not traded on the London Metal Exchange unlike the 

majority of base metals commodities.  Rather, the iron ore prices used in this paper 

are contract prices negotiated annually and agreed upon between iron ore producers in 

Brazil and steel manufacturers in Europe.  By averaging across all commodities, the 

mean values for iβ  and iα  equal one and zero, respectively, as anticipated. 

Columns 11 and 12 of Table 7 contain 2R  and 21 R−  values for each of the 

regressions.  What stands out is the importance of global risk for the relative prices of 

coconut oil ( 2R  = 50%) and copra ( 2R  = 54%).  More notably, they are the only two 

commodities whose global macroeconomic risk factor is greater than 50 percent
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Table 7 
Time-Series Regressions for Annual Growth Rate of 33 Commodities, 1948-2006 

 
 �  Parameters of Return Regressions  Risk Component (%) 

  Intercept iα   Slope iβ  � Regression Statistics  
 Commodity Coefficient SE  Coefficient SE  SEE DW Akaike Schwarz F-stat  

Global Commodity-
Specific 

�  (1) (2) (3) � (4) (5) � (6) (7) (8) (9) (10) � (11) (12) 
A. Food Agricultural 

1. Bananas -0.73  1.59   0.14  0.15   11.98  2.18  7.84  7.91  0.79   1.39  98.61 
2. Oranges -1.50  1.93   0.20  0.19   14.54  2.44  8.23  8.30  1.18   2.07  97.93 
3. Beef 0.28  1.60   0.30  0.15   12.05  1.79  7.85  7.92  3.87   6.46  93.54 
4. Tea -2.33  2.07   0.50*  0.20   15.63  2.16  8.37  8.44  6.13 *  8.25  91.75 
5. Coffee -0.02  3.27   0.73*  0.32   24.65  1.94  9.28  9.35  5.24 *  8.56  91.44 
6. Sorghum -0.92  1.39   0.86**  0.14   10.51  2.23  7.58  7.65  40.52 **  41.98  58.02 
7. Wheat -0.96  1.61   0.89**  0.16   12.16  1.78  7.87  7.94  32.59 **  36.79 63.21 
8. Maize -0.48  1.64   0.94**  0.16   12.37  1.88  7.90  7.97  35.25 **  38.63  61.37 
9. Cocoa -1.01  3.19   0.97**  0.31   24.06  1.72  9.23  9.30  9.74 **  14.82  85.18 
10. Soybean meal -1.08  2.46   0.97**  0.24   18.52  2.28  8.71  8.78  16.51 **  22.77  77.23 
11. Groundnut meal -1.48  2.48   1.02**  0.24   17.21  2.26  8.57  8.64  18.55 **  27.87  72.13 
12. Groundnut oil -0.76  2.54   1.07**  0.25   19.17  2.23  8.78  8.85  18.76 **  25.09 74.91 
13. Soybeans -0.68  1.67   1.16**  0.16   12.59  2.32  7.94  8.01  51.53 **  47.92 52.08 
14. Rice -1.12  2.09   1.19**  0.20   15.75  1.80  8.39  8.46  34.68 **  38.24 61.76 
15. Palm oil -1.26  2.40   1.44**  0.23   18.13  2.03  8.67  8.74  38.24 **  40.58 59.42 
16. Sugar 0.74  4.71   1.56**  0.46   35.49  1.96  10.01  10.08  11.76 **  17.36 82.64 
17. Coconut oil 0.05  3.04   2.22**  0.29   22.89  1.85  9.13  9.20  56.77 **  50.34 49.66 
18. Copra 0.10  2.98   2.36**  0.29   22.47  1.90  9.10  9.17  66.52 **  54.29 45.71 

 (Table continues on the next page.) 
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Table 7 (continued) 
Time-Series Regressions for Annual Growth Rate of 33 Commodities, 1948-2006 

 
 �  Parameters of Return Regressions  Risk Component (%) 

  Intercept iα   Slope iβ  � Regression Statistics  
 Commodity Coefficient SE  Coefficient SE  SEE DW Akaike Schwarz F-stat  

Global Commodity- 
Specific 

�  (1) (2) (3) � (4) (5) � (6) (7) (8) (9) (10) � (11) (12) 
B. Non-food Agricultural 

1. Tobacco -2.44  1.37   0.08  0.13   10.31  2.06  7.54  7.61  0.38   0.68  99.32 
2. Jute -2.59  3.25   0.71*  0.31   23.96  2.32  9.23  9.30  5.14 *  8.69  91.31 
3. Logs 1.88  2.32   0.91**  0.22   17.48  2.30  8.59  8.66  16.54 **  22.80 77.20 
4. Cotton -1.51  1.95   1.00**  0.19   14.68  2.47  8.25  8.32  27.91 **  33.26 66.74 
5. Rubber 1.35  2.52   1.62**  0.24   19.01  1.94  8.76  8.83  43.66 **  43.81 56.19 

C. Base Metals 
1. Iron ore 0.53  1.65   0.01  0.16   12.47  1.19  7.92  7.99  0.00   0.01  99.99 
2. Bauxite -0.06  1.72   0.29  0.16   11.49  2.20  7.76  7.84  3.19   6.75  93.25 
3. Phosphate rock -0.16  2.73   0.65*  0.27   20.61  1.78  8.92  8.99  6.06 *  9.77  90.23 
4. Aluminium 1.06  1.71   0.73** 0.17   12.89  1.91  7.99  8.06  19.32 **  25.65  74.35 
5. Nickel 3.73  2.56   1.06**  0.25   19.29  1.88  8.79  8.86  18.14 **  24.47 75.53 
6. Tin 0.50  1.82   1.23**  0.18   13.70  2.34  8.11  8.18  48.45 **  46.39 53.61 
7. Copper 2.87  2.19   1.50** 0.21   16.52  1.63  8.48  8.55  50.03 **  47.19 52.81 
8. Lead 0.61  2.33   1.51**  0.23   17.61  2.25  8.61  8.68  44.27 **  44.15 55.85 
9. Zinc 2.87  2.43   1.74**  0.24   18.33  1.52  8.69  8.76  54.75 **  49.44 50.56 

D. Oil 
1. Crude oil 3.94  3.03   1.30**  0.29   22.85  1.98  9.13  9.20  19.53 **  25.86  74.14 
                 
�  Mean -0.02  �  � 1.00  �  � �  �  �  �  �  �  � 26.43� 73.57�  

   
Notes:  1. Double and single asterisks (** and *) denote estimated coefficients significantly different from zero at the 1% and 5% levels, 

respectively. 
 2. SE = standard error.  SEE = standard error of the regression.  DW = Durbin-Watson statistic. 
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of the total risk.  Generally, the 2R  values are low, with most of the price variance 

explained by risk factors unique to each commodity.  The average 2R  across the 33 

commodities is approximately 26 percent.  Commodities whose idiosyncratic risk 

accounts for almost all the variations in annual returns over 1948 to 2006 include 

banana, iron ore, oranges and tobacco. 

An obvious caveat to the above results relates to the sample period, 1948 to 

2006 which contains the transition from a period of fixed to floating exchange rate.  

As Deaton and Laroque (1992) and Cuddington and Liang (2003) persuasively 

demonstrated, primary commodity prices tend to be more volatile under floating than 

fixed exchange rates, and the econometric implications of merging data from the two 

exchange rate regimes is unclear.10  Therefore, to investigate the effect of a different 

exchange rate regime on the results, the sample period is divided into two sub-periods: 

(1) pre-1972 (up to and including 1971), corresponding to the fixed exchange rate 

regime; and (2) post-1972 (1972 to 2006), corresponding to the floating exchange rate 

period.  The results shown in Table 8 are ranked in ascending order according to the 

estimated β  coefficient over the pre-1972 period.  There is a large variation in the 

estimated β  coefficient and the proportion of global risk between the two sub-periods.  

Over the pre-1972 sub-period, the estimated β  values range from as low as -0.67 for 

rice to as high as 3.78 for rubber and are significant for only 12 out of 33 cases 

(column 2).  Panel A of Figure 8 shows the change in the β  coefficient from the pre- 

to post-1972 period.  The shaded rectangle contains all slope coefficient pairs for each 

of the 33 commodities where the base of the shaded rectangle exceeds its height, 

implying that the dispersion of β  coefficient is much larger in the pre-1972 period.   

In addition, 2R is very low during the pre-1972 period, implying the greater part 

of the commodity price volatility observed during this sub-period is the result of 

idiosyncratic risk factors unique to each primary commodity.  Interestingly, 25 out of 

the 33 commodities experience increasing 2R  values when moving from the pre- to 

post-1972 period.  Panel B of Figure 8 shows that only eight out of the 33 points lie 

below the 45-degree line, which accords with the idea that global risk components 

                                                 
10  Mussa (1986) showed that floating exchange rates have contributed substantially to the variability of 

real exchange rate than under the Bretton Woods regime.  Since the real appreciation or depreciation 
of the US dollar has profound effects on the prices of primary commodities in all other currencies, 
higher fluctuations in the exchange rates translate into higher instability of commodity prices.  See 
Sjaastad and Scacciavillani (1996) and Sjaastad (2008). 
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Table 8 

Sensitivity and Risk Components Across Exchange Rate Regime, 1948-2006 
 

 �  1948-1971   1972-2006 

  iβ    Risk Component (%)   iβ   Risk Component (%) 

 Commodity Coefficient SE  
DW 

 Global Commodity- 
Specific   Coefficient SE  

DW �
Global Commodity- 

Specific 
iβ  Rank 

�  (1) (2) (3) � (4) � (5) (6)   (7) (8) � (9) � (10) (11) (12) 
1. Rice -0.67  0.49   1.06   8.25  91.78   1.39** 0.22   2.10   54.26  45.74 25 
2. Iron ore -0.33  0.48   1.11   2.19  97.81   0.04  0.18   1.21   0.17  99.83 1 
3. Crude oil -0.31  0.38   1.23   3.08  96.92   1.45** 0.37   2.09   31.60  68.40 27 
4. Bauxite -0.01  0.42   2.06   0.00  100.00   0.33  0.20   2.31   11.78 88.22 6 
5. Aluminium 0.02  0.19   1.25   0.06  99.94   0.81** 0.22   1.92   29.30  70.70 11 
6. Nickel 0.03  0.22   1.51   0.09  99.91   1.17** 0.33   1.91   27.75  72.25 22 
7. Phosphate rock 0.07  0.39   1.96   0.16  99.84   0.71* 0.35   1.75   11.30  88.70 10 
8. Tobacco 0.12  0.48   2.67   0.29  99.71   0.07  0.13   1.53   0.95  99.05 2 
9. Tea 0.14  0.53   1.59   0.35  99.65   0.53* 0.24   2.36   13.22  86.79 8 
10. Wheat 0.19  0.28   1.43   2.11  97.89   0.96** 0.20   1.85   41.98  58.02 17 
11. Maize 0.23  0.52   1.21   0.97  99.03   1.02** 0.17   2.30   53.58  46.42 19 
12. Bananas 0.26  0.35   1.68   2.56  97.44   0.12  0.19   2.19   1.20 98.80 4 
13. Palm oil 0.30  0.59   2.06   1.23  98.77   1.56** 0.27   1.89   49.75  50.25 30 
14. Beef 0.35  0.36   2.02   4.47  95.53   0.31  0.18   1.92   8.29 91.71 5 
15. Sorghum 0.51  0.37   2.23   8.27  91.73   0.90** 0.16   2.19   49.77  50.23 14 
16. Oranges 1.01  0.63   2.48   10.80  89.20   0.11  0.19   2.42   1.02  98.98 3 
17. Coconut oil 1.10  0.66   2.01   11.65  88.35   2.34** 0.36   1.65   56.28  43.72 32 
18. Logs 1.25* 0.55   2.43   19.54  80.46 �  0.88** 0.27   2.24   24.06  75.94 12 
19. Cocoa 1.31  1.16   2.04   5.68  94.32 �  0.93** 0.30   1.32   22.66  77.34 15 
20. Groundnut meal 1.35** 0.29   2.67   51.73  48.27 �  0.98** 0.33   2.21   25.57  74.43 18  

(Table continues on the next page.) 
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Table 8 (continued) 

Sensitivity and Risk Components Across Exchange Rate Regime, 1948-2006 
 

 �  1948-1971   1972-2006 

  iβ    Risk Component (%)   iβ   Risk Component (%) 

 Commodity Coefficient SE  
DW 

 Global Commodity- 
Specific   Coefficient SE  

DW �
Global Commodity- 

Specific 
iβ  Rank 

�  (1) (2) (3) � (4) � (5) (6)   (7) (8) � (9) � (10) (11) (12) 
21. Tin 1.40** 0.46   2.23   30.79  69.21 �  1.21** 0.21   2.42   50.58  49.42 23 
22. Cotton 1.40** 0.45   1.77   31.45  68.55 �  0.96** 0.23   2.63   34.52  65.48 16 
23. Coffee 1.42* 0.68   1.63   17.09  82.91 �  0.66  0.39   2.00   7.80  92.20 9 
24. Copra 1.43  0.78   2.37   13.89 86.11 �  2.45** 0.34   1.66   61.64  38.36 33 
25. Groundnut oil 1.50** 0.50   1.95   29.85  70.15 �  1.02** 0.31   2.22   24.77  75.23 20 
26. Copper 1.57  0.79   1.85   15.65  84.35 �  1.50** 0.21   1.41   61.50 38.50 28 
27. Soybean meal 1.70** 0.56   2.08   30.95  69.05 �  0.89** 0.29   2.30   22.33  76.31 13 
28. Sugar 1.86  1.55   1.82   6.41  93.59 �  1.53** 0.48   2.03   23.69  76.31 29 
29. Soybeans 2.07** 0.54   2.34   41.24  58.76 �  1.07** 0.16   2.31   56.33  43.67 21 
30. Lead 2.42** 0.70   2.26   35.97 64.03 �  1.41** 0.24   2.32   50.05  49.95 26 
31. Zinc 2.63** 0.72   2.24   38.77 61.23 �  1.64** 0.26   1.23   55.38  44.62 31 
32. Jute 2.90* 1.03   2.16   27.52  72.48 �  0.48  0.31   2.15   7.21  92.79 7 
33. Rubber 3.78** 0.98   2.14   41.62  58.38 �  1.38** 0.18   1.97   64.61 35.39 24 

 Mean 1.00 �  � �  ��  �  � � 0.99        
  

Notes: 1. Double and single asterisks (** and *) denote estimated coefficients significantly different from zero at the 1% and 5% levels, respectively. 
  2. Column 12 shows the ranking of each commodity from 1 to 33.  Commodity whose rank is higher implies higher estimated β  coefficient in 

comparison with the remaining commodities in the data set. 
  3. SE = standard error.  DW = Durbin-Watson statistic. 
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Figure 8 

Sensitivity and Risk Components Across Exchange Rate Regime, 1948-2006 
A. Slope Coefficient, iββββ  
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have become relatively more important in explaining commodity price volatility 

under a floating exchange rate regime.  Figure 9 shows that the average 2R  values 

across 33 commodities increased from 15 percent (Panel A) to 31 percent (Panel B) 

between the two sub-periods, indicating that variations in the prices of these 

commodities are more closely linked to global macroeconomic factors common to all 
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commodities.  In other words, systematic risk factors have become more important 

over the floating exchange rate regime.  The last column of Table 8 is another feature 

worthy of note.  The column expresses the commodity rank according to its β  

coefficient over the second sub-period to assist in cross-commodity comparisons 

between the two sub-periods: the higher the rank for the commodity under 

investigation, the higher the magnitude of the corresponding β  estimates.  Of 15 

commodities that have estimated β  of less than unity over 1948 to 1971, 12 

experienced an increase in the level of sensitivity common to global fluctuations in 

the second sub-period.  Conversely, in 15 out of 18 cases with levels of sensitivity 

originally above unity, a decrease in the magnitude of the β  coefficient over the two 

sub-periods was experienced.  As a consequence, the dispersion of β  coefficients 

among the 33 commodities decreased substantially over the two periods, from 4.45 

down to 2.41, the estimated β  ranging from as low as 0.04 to 2.45 over the second 

sub-period.  Overall, the β  estimates are not statistically different from one for 20 out 

of 33 commodities during the post-1972 period. 

 
 

Figure 9 

Proportion of Common Global Risk in Commodity Price Volatility 

A. Fixed Exchange Rate Regime, 1948-1971 
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Figure 9 (continued) 

Proportion of Common Global Risk in Commodity Price Volatility 

B. Managed Floating Exchange Rate Regime, 1972-2006 
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Overall, the regression results shown in Table 8 and Figure 9 suggest that over 

time, systematic risk components common to broad sets of internationally-traded 

primary commodities have become relatively more important in explaining overall 

individual commodity price variations.  In other words, commodity-specific risk 

components have gradually lost their significant status in describing the overall 

volatility of annual commodity price returns. 

 

7. CONCLUSION 

The main purpose of this paper is to study the long-term behaviour of world 

commodity prices.  Specifically, we examined the volatility of price movements, its 

two main components—within-group and between-group—and the proportion of 

global and commodity-specific volatility in explaining overall price variations.  The 

main results are summarized as follows.  There is strong evidence that prices of world 

primary commodities are associated with substantial volatility.  During the period 

from 1948 to 2006, prices of many commodities were found to fluctuate from below 

50 percent to above 100 percent per year relative to their average prices.  In addition, 

our results show a strong tendency for the level of price volatility to be 1.3 times 

higher under floating than under fixed exchange rate regimes.  By means of a simple 

mean = 31% 
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decomposition, it is shown that the cross-sectional volatility of commodity prices can 

be decomposed into within-group and between-group components.  The between-

group component accounts for only one-fifth of total price volatility, whereas the 

within-group component takes up the remaining four-fifths, indicating that shocks 

impacting the commodity market have larger effects on commodities that belong to 

the same group, while the spill-over effects to other commodity groups are kept to the 

minimum.  Finally, the CAPM is used as a loose framework to differentiate global 

macroeconomic risk factors from commodity-specific risk in explaining annual 

variation in commodity price returns.  On average, roughly 31 percent of price 

volatility can be attributed to global macroeconomic factors over the period 1972 to 

2006, in comparison to 15 percent during the pre-1972 period.  In other words, during 

the latter period, the other 69 percent of overall variation may be regarded as 

commodity-specific risk that can be reduced through proper diversification.  In 

addition, the estimated β  coefficient—the response of commodity return to changes 

in world commodity return—moved toward unity in the post-1972 period, implying 

that the price of an individual primary commodity increases by one percent when the 

overall price index increases by the same amount.  

Several qualifications to our results have to be kept in mind.  First, this paper 

adopts an equal-weighted average price approach in constructing the composite 

commodity price index and sub-indices.  Second, as pointed out by Valadkhani and 

Layton (2006), the portfolio theory underlying CAPM can only be used as a loose 

framework in factoring out global risk from commodity specific risk. 
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APPENDIX A1 

 

The Composition of Sub-Indices Over Time 

 

The non-fuel composite price index used in this paper can be further broken 

down into three sub-indices including eighteen food commodities, five non-food 

agricultural commodities and nine metals commodities.  The sub-indices were 

selected to analyse the behaviour of commodity prices across different commodity 

categories, and to ensure comparability with earlier work.  The respective weight of 

each group in the composite price index is different depending on the number of non-

fuel primary commodities within each group.  As shown in Table A1.1, the weight is 

56% for food, 16% for non-food industrial commodities and 28% for metals.  Each 

primary commodity in question receives equal weight in the price index, therefore its 

respective share is fixed throughout the whole sample period except in 1995, 1999 

and 2005, when price series were discontinued for bauxite, groundnut meal and jute.  

In these instances, the share (i.e., 1/32, as crude oil is excluded from the calculation of 

the non-fuel commodity price index) previously assigned to the commodity that was 

phased out is evenly distributed among the remaining primary commodities.   

See Table A1.2 for details of the expenditure share allocated to each sub-group 

over the sample period 1948 to 2006. 
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Table A1.1 

Composition of Three Main Sub-Indices 
 

 Sub-Category 

 Food Non-Food Industrial Metals 
�  (1) (2) (3) 

1. Bananas Cotton Aluminium 
2. Beef Jute Bauxite 
3. Cocoa Logs Copper 
4. Coconut Oil Rubber Iron Ore 
5. Coffee Tobacco Lead 
6. Copra � Nickel 
7. Groundnut Meal � Phosphate Rock 
8. Groundnut Oil � Tin  
9. Maize � Zinc 

10. Oranges � �
11. Palm Oil � �
12. Rice � �
13. Sorghum � �
14. Soybean Meal � �
15. Soybeans � �
16. Sugar � �
17. Tea � �
18. Wheat � �
� � � �

Weight 56.25% 15.63% 28.13% 
 
Note:  Weight represents the share of each sub-index within the composite price index.  

The index used is an equal-weighted commodity price index. 
 

Table A1.2 

Share of Groups Over Time, 1948-2006 
 

Share 
Food Non-Food Metals Total 

Period 
No. of 

Commodities 1tW  2tW  3tW  
3

1 gtg
W=�  

(1) (2) (3) (4) (5) (6) 
1948-1994 32 56.25  15.63  28.13  100.00  
1995-1998 31 58.06  16.13  25.81  100.00  
1999-2004 30 56.67  16.67  26.67  100.00  
2005-2006 29 58.62  13.79  27.59  100.00  

 
Notes: 1. All entries are to be divided by 100. 
 2. All entries are simple averages over the corresponding periods. 
 3. Price series for bauxite (metals) were phased out in 1995, groundnut meal 

(food) in 1999 and jute (non-food) in 2005. 
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Abstract 

The question of whether banks should diversify or focus in their activities may have different 

implications for a market where the banking industry is more settled versus a growth market 

that has not yet fully saturated. The aim of this paper is to investigate whether diversification 

pays off, in terms of risk return and cost efficiency, in a market which shows a great deal of 

growth potential. 

The results of our empirical study can be summarized as follows: banks that are more 

diversified have higher return measured as return on solvency as well as increased credit risk. 

The cost income efficiency of more diversified banks is also higher than more focused ones. 

Our results also show that diversification does not have a significant impact on the market risk 

of a bank. 
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1. Introduction  

Diversification has been on the agenda of strategic management of corporations and financial 

institutions in terms of value maximization since the benefits of diversification have been put 

forth by Markowitz’ Portfolio Theory.  Risk aversion and diversification are two terms that go 

together in the classical financial theory. According to Markowitz a well diversified portfolio 

will have lower risk because of its reduced unsystematic risk leaving the portfolio exposed to 

market risk only. Thus, well diversified portfolios should have a higher return per unit of risk 

while the undiversified portfolios will be carrying risk for no extra return. The research on the 

benefits of diversification for corporations and especially for banks has been building since 

the 80’s even though there are yet no unambiguous conclusions that can be extracted. 

Our study approaches the diversification issue in a growing economy where there is 

substantial growth in credits following the reduction in the crowding out effect of the 

government bonds and fight for market share in the banking sector. Diversification is 

examined by analyzing the breakdown of the asset portfolio, a further breakdown of the loan 

portfolio and the diversification of the funding sources of the bank. We examine if there is a 

gain in terms of risk, return and cost efficiency as banks become more diversified in the 

Turkish Banking industry. 

The 2002-2007 years under review cover a period presenting favorable economic and 

financial market conditions whereby the general trend has been growth in the economy as 

well as in the banking sector.  

In 2001 the country experienced the worst ever crisis in its history when economy shrunk 9% 

in real terms and USD 24 billion fled the country in a week. The banking sector has been at 

the forefront of the crisis. 22 banks have been liquidated and their liabilities have been taken 

over by the government, a move which would ultimately cost around USD 40 billion to the 

government. 

The surviving banks in the sector went through stringent audits to reflect the real picture of 

their balance sheets. The regulator significantly improved the screening and audit of the 

banking sector in line with the EU norms. 

In 2002 general elections, the country had its first single-party government following long 

decades of unstable coalitions. The new government started with structural reforms and 

privatizations to boost the economy and attract foreign investment.  Chronically high inflation 

has been taken under control to gradually come down to single digit levels. 
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Figure 1: The change in some of the major asset item ratios used to calculate diversity index 
 

 

0.00

0.10

0.20

0.30

0.40

0.50

0.60

2002 2003 2004 2005 2006 2007

Goverment Bond Non-specialized Loans Consumer Loans

 
 

 

The political stability coincided with favorable global economic trends where foreign direct 

investments and credits displayed significant flows to emerging markets.  In the years 

following 2001, another major development in the Turkish banking sector has been the steep 

increase in foreign ownership from 3% in 2002 to 42% in 2007. This change brought in more 

stability and strength to the sector. 

As can be seen in Figure 1, the growing economy created demand for loans both from 

businesses and individuals. Falling inflation and interest rates had a positive effect on 

consumer spending and demand for consumer loans. The credits in the Turkish banking sector 

have significantly come up during the period both in absolute terms and as a percentage of 

total assets and total deposits. The percentage growth has been at the expense of government 

paper and bank placements. 

Personal loans have been very limited before 2002 due to high inflation and high interest rates 

as well as unstable economic conditions. The period beginning with 2002 also witnessed in 

the banking sector the birth and steep growth of personal financing under different categories, 

like credit cards, consumer loans, mortgages loans, car loans, and SME loans.  

During the 2002 – 2007 period, the credits granted by the banking sector went up in real terms 

from 15% of GDI to 34% in 2007.  This trend had major effect on diversification of banks 

portfolios. The banks with higher percentages of personal financing stand out as more 

diversified in their balance sheet composition. The composition of the credit portfolio 

changed in favor of personal loans share of such loans in total credits went up to 33% from 
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13% in 2002. For the total of the banking sector, assets are dominated by credits and 

government securities whereas liabilities are overwhelmingly composed of deposits.    

 

 

Figure 2: Asset and Liability Diversification between 2002 and 2007 
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In this study we calculate the degree of diversification of a bank by examining both its asset 

and liability allocation.  As such a bank may have problems due to concentration of a single 

asset or a single funding source. Our results indicate that diversification increases credit risk 

as well as risk adjusted revenues. These results contradict with some of the recent studies on 

diversification such as Behr, Kamp, Memmel and Pfingsten (2007), Acharya, Hasan and 

Saunders (2002), Lepetit, Nys, Rous and Tarazi (2005),  and Winton (1999)  who find that 

more specialized banks achieve a better return at a higher risk. Cost efficiency becomes worse 

as banks become more diversified. The risk return efficiency based on market returns is not 

impacted by diversification.   

A brief look at the literature on firm diversification indicates that Lang and Stulz (1994) find 

that highly diversified firms are consistently valued less than specialized firms and that 

diversification is not a successful way to achieve higher performance.  And usually firms 

become bad performers before they diversified and that diversifying firms seek growth 

through diversification.  
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Table 1:Ratios of the major liability items used to calculate diversity index 
 

 
Total Deposits 

Demand 
Deposits 

Funds 
Borrowed 

Interbank 
Money Markets Equity 

2002 0.56 0.16 0.08 0.03 0.11 
2003 0.52 0.15 0.10 0.05 0.14 
2004 0.48 0.15 0.12 0.06 0.14 
2005 0.49 0.12 0.15 0.06 0.12 
2006 0.53 0.10 0.16 0.06 0.11 
2007 0.51 0.10 0.15 0.04 0.12 

 

 

Lins and Servaes (1999) analyze the effect of diversification on firm value and find a 

diversification discount in some countries depending on the institutional structure of a 

company. Rajan, Servaes and Zingales (1998) test whether the decisions taken in the 

marketplace can differ from the decisions taken inside a hierarchy and testing their theoretical 

model they conclude that diversification is costly and poor performers should be eliminated 

within an organization.    

The pros and cons of bank diversification and its effects on bank value are also discussed 

extensively. There are no conclusions as to whether diversification clearly adds value to a 

financial institution as there is evidence on both the benefits of diversification and focus as far 

as banks are concerned.  

Diamond (1984) states that diversification reduces banks’ monitoring costs and therefore 

banks should be as diversified as possible. Boyd and Prescott (1986)also recommends that the  

optimal organization of a bank is to be diversified as much as possible. The question gained 

more importance as the bank mergers have accelerated in the nineties and well into the 

twothousands.  Akhavein, Berger and Humphrey (1997) find that bank mergers result in 

increase in bank profits implying that when banks become more diversified through mergers 

they are able to hold riskier and more profitable portfolios. 

 Their results and DeLong (2001) results find that bank mergers that are focusing in terms of 

geography and activity produce superior economic performance. Berger, Demsetz and 

Strahan (1999) find that consolidation in FI led to greater diversification of risks but no cost 

improvements. Demsetz and Strahan (1997) find that although banks diversified in their 

product mixes no risk reduction could be observed as banks tended to move to riskier 

activities and lowered their capital ratio. 
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Lepetit, Nys, Rous and Tarazi (2005) explore the risk implications of cross selling activities 

by analyzing the relationship between different types of income and diversification and find 

that banks expanding into non-interest income activities have higher risk than those which 

mainly supply loans. 

 Winton (1999) suggests that an undiversified strategy is most attractive for loans with either 

limited risk or severe cyclicality and that the gains from diversification are when the bank has 

a medium risk level. 

Acharya, Hasan and Saunders (2006) examine the asset and loan portfolio composition of 

Italian banks. They test whether a bank’ s monitoring effectiveness is lower in newly entered 

and competitive sectors and thus resulting in an increase in the downside risk of the portfolio. 

They find that return declines with diversification and loan risk rises and they conclude that 

there is an overall deterioration in bank performance however, geographic diversification 

results in an improvement in bank performance. They reject the hypothesis that increased 

diversification (reduced focus) improves risk adjusted bank returns on average measured as 

ROE ROA. They find this relationship is nonlinear and U shaped. 

 D'Souza and Lai (2002) investigate whether diversification provides a better risk return 

tradeoff for Canadian banks by measuring a risk-return efficient frontier. Their analysis shows 

that industrial diversification is not significant for bank efficiency but the composition of bank 

portfolios and business lines that matters.  

 Bebczuk and Galindo (2008) evaluate the loan portfolio diversification during the 2001 

argentinian financial crisis and find that banks did not necessarily diversify more as a 

response to the crisis. 

Behr, Kamp, Memmel and Pfingsten (2007) also analyze the diversification effects across 

industries of the loan portfolios on return and risk. Their results support specialization 

outweighs diversification in terms of return and risk measured by ratios of loan loss 

provisions.  

In the next section we describe the data and methodology which is followed by empirical 

results and conclusion. 

 

2. Data and Methodology 

The banking data of our study consists of a panel of 15 banks covering the period from 2002 

through 2007, taken from the The Banks Association of Turkey database. Only commercial 

banks with retail banking business are included. The data prior to 2002 is excluded because 
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the reporting of banks has significantly been changed following the banking and liquidity 

crisis of 2001 in Turkey. Only 9 of the banks in the dataset are trading at the Istanbul Stock 

Exchange. Therefore, market related variables are calculated only for these banks. The 

performance is measured over a time where economic growth is rapid and therefore results 

without doubt are influenced by the sample period. The summary statistics of dependent and 

explanatory variables are given in Table 2. 

 

Diversification Measures 

In this study, we explain diversification by two subheadings; asset and liability 

diversification. Other widely used diversification definitions, such as industrial and regional 

diversification of loan portfolios couldn’t be examined, since the banks are not required to 

report their loan exposure in terms of industries. Figure 2 shows the change in asset and 

liability diversifications between 2002 and 2007. 

 

 

Table 2: Summary Statistics 
 

 
 

Explanatory Variables 
 Obs. Mean Std. Dev. Min Max 
CAR 90 18.0663 6.7732 9 45 
Equity 90 1693655 2536089 40730 1.06E+07 
Asset Diversification 90 0.05886 0.0273 0.00816 0.12025 
Lia. Diversification 90 0.05498 0.0264 0.01748 0.15975 

 
 

Dependent Variables 
 Obs. Mean Std. Dev. Min Max 
      
Return on Solvency 90 0.04598 0.0223 0.015 0.16 
Cost Efficiency 89 0.67563 0.1679 0.322 1.135 
Return Risk Ratio 54 0.04741 -0.0627 0.077 0.177 
Credit Risk 90 0.07244 0.07264 0.01 0.46 

 

 

Asset Diversification: Banks’ assets are classified under the main headings of credits, 

government paper, credits to other financial institutions and bank balances. These constitute 

interest bearing assets and apart from those there are other balance sheet items like fixed 

assets, reserves and transitory items. Credits constitute the highest portion in total assets of 

banks and diversification of credit portfolio across different types of credits is as significant as 

the allocation of total assets across credits, government paper and bank balances. We have 
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used classification of credits as annually reported by banks based on mainly type of borrowers 

but also based on the distinctive nature of the financing. Therefore, following the 

classification in the Bank Association of Turkey database, credits are grouped into 11 sub-

headings, namely discount notes, export loans, import loans, loans given to financial sector, 

international loans, consumer loans, credit cards, precious metal loans, specialized lending, 

other receivables. Each credit class contributes to the diversification of the portfolio at 

differing degrees depending on the trends and cycles in the markets and economy. More 

obvious and consequential differentiation is perceived to stem from separation of personal 

finance and business finance because the reaction of consumers as end users to economic 

cycles compared to the same of producers and intermediaries can show differences in nature 

as well as in timing.  For example, rising inflation can influence demand for consumer loans 

much earlier than it can affect industrial loans. Bank balances are mostly kept for liquidity 

purposes to meet the short term liabilities also to serve as reserve for difficult times in the 

market. Government paper is mostly considered for investment of capital and reserves. 

Figure 1 presents the change of the ratios of some major items to total assets of the 

consolidated balance sheet of the banks over time. The decrease in the ratio of government 

bond investments to total assets shows the contraction in the crowding-out effect of huge 

government borrowing requirement. Banks, due to the reduction in the lucrative interest 

income from government bonds, have started to allocate funds in the credit market, which 

bears not only higher income but increased risk as well. 

We measure asset diversification using the ratios of different asset headings to total assets. 

Then the squared deviations of these ratios from the ratios calculated for the consolidated 

balance sheet items of the Turkish Banking Industry. The consolidated financial reports, 

which are assumed to represent the efficient portfolio, are provided by the Banks Association 

of Turkey. The squared deviation for each asset heading measures how the corresponding 

bank differs from the efficient portfolio in terms of allocation to that item. The average of 

squared deviations of each asset heading is calculated to define an index to measure asset 

diversification. Thus, as the index gets higher, the difference between the corresponding bank 

and the efficient portfolio increases as well resulting in lower diversification.  

Liability diversification: Diversification is not only measured by the banks’ asset composition 

but by the funding strategy as well. Diamond (1984) argues that a well diversified portfolio 

can afford a capital structure that is mainly debt and despite this high leverage there will be a 

low probability of default. 
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We examine total liabilities of banks under 3 main headings, namely, deposits, funds from 

banks and own means. Percentage distribution of liabilities among these 3 headings is 

determinant for the diversification level. Deposits are considered to be more stable and 

reliable funding source compared to bank funds. Level of deposits are also viewed as an 

indicator of level of client relationships as banks can cross-sell other banking services to 

depositors more easily.   

Deposits are the main source of funding for most banks.  However; due to high competition 

time deposits are considered to be a more expensive funding source.  Therefore, banks try to 

attract more interest free flows from clients to reduce the overall cost to the bank. Such flows 

are retained with the banks as a result of financial services offered to clients like payments, 

clearing of cheques etc. Bank syndications constitute second important funding source and 

mainly serve as complimentary source to align the term structure and currency exposure of 

overall funding in line with the assets. Capital is considered as comparatively more expensive 

funding source mainly serving as a buffer or reserve for adverse times and unexpected 

developments.  

 

Control Variables 

Two control variables, namely Equity and Capital Adequacy Ratio (CAR) are used in the 

analysis. CAR is the net worth of a bank over the risk weighted assets reflecting the level of 

conservatism in a bank. CAR is also subject to minimum levels as imposed by the regulators. 

The long-term risk bearing capacity of the firm is usually measured by the capital adequacy 

ratio. Capital serves as a buffer to absorb unexpected losses as such a higher CAR represents 

financial strength to weather downturns in the market although there is always a trade off 

between risk aversion and profit maximization. Therefore it may be possible that a more 

diversified firm may suffice with a lower CAR implying a less risky asset portfolio. Equity is 

used to control for the size of the banks. 

 

Dependent Variables  

Return on Solvency: The return of a bank is measured as the Return on Solvency (ROS) 

calculated as the earnings net of loan loss provisions over risk weighted assets. We use the 

ROS as the earnings measure because it accounts for asset risk measured as risk weighted 

assets. As such we obtain revenues per unit of risk and eliminate the problem where two 
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banks with the same amount of earnings account as equally performing even if one is riskier 

than the other. (Ozdincer and Ozyildirim, 2006)  

Cost Efficiency: We use the Cost Income Ratio (CIR) or the revenues adjusted per unit of cost 

to see the effect of diversification on the level of operational profit of the bank.  

Market Risk Return Efficiency: This ratio calculates the market return per unit of the standard 

deviation of the market return to determine the market return of the bank per unit of risk 

taken. If diversification has an impact on lowering the risk of the bank then higher the ratio 

the more efficient the bank will be as the bank becomes more diversified. 

Credit Risk: This is the sum of the ratio of provisions expensed in the P/L and the change in 

net doubtful balances in the B/S to total credits during the period. We believe this is more 

reflective of the quality of the loan portfolio then the level of gross non-performing loans 

ratios. 

 

3. Empirical Results 

Our results in Table 3 show that there is a tradeoff between risk and return; diversification of 

the asset portfolio increases the return performance of the banks measured as ROS.  As 

observed in Figure 1, the asset portfolio of banks changes in favor of the consumer loans and 

the credit card receivables while the percentage of government bonds decrease. The spreads 

on personal loans are higher than those on corporate loans therefore diversification brings the 

increase in returns as well.  

On the other hand the operational profit measured as the CIR falls with diversification. One of 

the main arguments behind diversification is that banks can benefit from the cost control as 

suggested by Diamond (1984) because of a more diverse product base. A more diverse 

product base will enable the banks to achieve economies of scale thus increasing their 

operational profit. The results show that the operational efficiency deteriorates during the 

period analyzed. This may be attributable to the fact that there is a problem of excess capacity 

and the organizations have not been able to reach economies of scale to justify their product 

diversification yet.  

Our results show that as the asset diversification of a bank increases so does the risk adjusted 

returns measured as ROS. On the other hand, credit risk also increases as diversification 

increases. The monitoring of loan portfolio becomes weaker and a higher percentage of loan 

loss occurs as a consequence. These results are in line with Behr, Kamp, Memmel and 
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Pfingsten (2007) where they find that specialized banks reveal lower ratios of loan loss 

provisions and non-performing loans. 

Whereas asset diversification impacts the efficiencies based on financial information, it does 

not affect the risk adjusted market returns. During the period analyzed there was major 

acquisition activity in the market which may have blurred our results as well as the fact that of 

the 15 banks analyzed only 9 of them are publicly trading subject to the market analysis.    

Of the control variables,  size has a negative impact on ROS, while credit risk and CIR falls 

implying that banks are able to benefit from the economies of scale as well as a higher quality 

of loan portfolio while they do not necessarily benefit in terms of risk adjusted revenues. This 

may also be interpreted that size brings less risk less return and better cost efficiency.  CAR 

has a positive impact on the risk return ratio. A higher CAR also impacts the risk adjusted 

market returns positively while it impacts ROS negatively such that a higher capital adequacy 

ratio implies a more conservative asset allocation or less efficient allocation of the banks’ 

capital and lower returns. 

Overall, the results indicate that more diversified banks enter more risky business to gain an 

edge in the competition, acquire a market share and enjoy economies of scale in transaction 

volumes where cost of monitoring new businesses measured as the cost income ratio is higher 

as well as the risk of default. On the other hand, liability diversification does not impact the 

performance of the banks in any particular way. This may be due to the fact that the liability 

composition of the banks is not significantly different from each other. 
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Table 3: Estimation Results 
 

 Risk Return Ratio Return on Solvency Credit Risk Efficiency Cost Income Ratio 

 F.E. R.E. F.E. R.E. F.E. R.E. F.E. R.E. 

Diversification 
 

0.614403 0.404055 -0.21205 -0.22136 -1.64036 -1.64326 -1.92104 -1.93388 
 (0.455) (0.360) (0.083)** (0.075)* (0.258)* (0.245)* (0.760)** (0.690)* 

Lia. Diversification 
 

0.093676 -0.00649 -0.0161 -0.01992 0.096909 0.108603 -0.68797 -0.61183 
 (0.505) (0.444) (0.062) (0.059) (0.192) (0.188) (0.528) (0.513) 

Equity 
 

8.15E-09 -2E-09 -3.4E-09 -3.1E-09 -1.7E-08 -1.3E-08 -4.2E-08 -3.7E-08 
 (7.75E-09) (4.03e-09) (1.52E-09)** (1.04E-09)* (4.70E-09)* (3.78E-09)* (1.30E-08)* (9.21E-09)* 

CAR 
 

0.004745 0.001866 -0.002 -0.00193 -0.00191 -0.0014 -0.00693 -0.00565 
 (0.002)*** (0.002) (0.0003)* (0.0003)* (0.001)*** (0.001) (0.003)** (0.003)** 

Constant 
 

-0.09238 -0.00116 0.101255 0.100222 0.22635 0.211166 1.02518 0.98966 
 (0.065) (0.044) (0.010)* (0.009)* (0.031)* (0.032)* (0.088)* (0.081)* 

         

σu 0.050211 0 0.011238 0.011789 0.058431 0.057826 0.11057 0.106621 

σe 0.064818 0.064818 0.013284 0.013284 0.041082 0.041082 0.11319 0.11319 

Ρ 0.375034 0 0.417112 0.440582 0.669201 0.664572 0.488293 0.470145 

R2 0.0053 0.0487 0.4838 0.486 0.1809 0.2142 0.2529 0.257 
Hausman Test Stat. 3.92 0.22 1.56 1.35 

The values in the parentheses are standard deviations of corresponding coefficient estimates.   
*, **, *** indicates the significance at 1%, 5%, and 10% respectively. 
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4. Conclusion  

We analyze the effects of diversification in the banking sector of a growing economy 

in a period of expansion. The results show that more diversification seems to be the 

consequence of high competition to differentiate themselves in the market as well as 

benefit from more profitable but risky asset portfolios such as consumer loans and 

credit cards. Diversification comes at a higher cost to the banks both in terms of more 

risky portfolios indicated by higher loan losses as well as decreased operational profit. 

However banks are rewarded in terms of risk adjusted returns by increased return on 

solvency. The period analyzed is right after a period of high inflation where the 

banking business was not highly developed and many products not yet introduced in 

the market.   

Due to the general trends in the economy of the period analyzed diversification seems 

the natural result of the transformation of the banking industry rather than a tool to 

reduce the risks of a portfolio. It also seems a calculated move of the banks where 

they are able to increase their return more than the negative impact of increased 

default rates. It should be noted that this study fails to show whether diversification is 

a guarantee for superior performance because the period analyzed is one of consistent 

growth and it remains to be seen how the diversification policy will turn out in a 

period of economic downturn.  
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This paper examines market reaction to analyst recommendations in China from 

Apr 8, 2004 to Oct 31, 2007. We find that analyst recommendations in China have 

significant impact on the market, both statistically and economically. We find: (1) 

analyst recommendations in China carry information to the market; (2) stock prices 

rise significantly following strong buy recommendations, especially when this 

recommendation is issued by large brokerage firms; (3) this reaction depends upon 

the firm’s listing size, ownership structure and industry; (4) the reaction after a strong 

buy is statistically and economically significant, both in the short run and in the long 

run. (5) Regression analysis confirms the above findings, after controlling for 

different co-factors. (6) Market behaviors differently to recommendation in different 

market trends. (7) Trading volume increases significantly around the strong buy 

recommendation date.  

   This research contributes to the literature from the following dimensions: (1) 

provides fresh evidence on analyst research from the largest developing country of 
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Introduction 

    Extant literature documents the value of the analyst recommendations over past 

decades. There are at least two reasons for the efforts on this research. One is from 

the practice in financial industry. Investment banks employ a number of analysts and 

invest a lot of resource on the research of the listed company, industry and etc. Fund 

managers rely much on these sell side research to make their final investment 

decision. Each year, some institutions select excellent analysts with better earnings 

estimation and more precise recommendations through polls by sell side investment 

personnel. Fund managers sometimes complain about the poor performance of some 

of the analyst recommendations due to wrong estimation and recommendations. Do 

the analyst recommendations have investment value generally?  The other reason is 

from financial theoretical interests. According to the efficient market theory, first put 

forward by Eugene Fama in 1970, dominating the financial research in the past 

decades, stock prices have reflected all the information in the market. 

Recommendations by analyst should not have any impacts on the stock price, in other 

words, analyst recommendations should not have any investment value. Is this true in 

the market? 

    Since Cowles (1933) first to address this issue in his well-known study, “can 

stock market forecasters forecast?”, many scholars have made much efforts on this 

research. However, until recently, they still reached different conclusions. Evidence 

persists that most of analyst recommendations do not have any investment value, by 

Bidwell (1977), Dierenbach (1972), Logue and Tuttle (1973), Jensen (1968) and 

Fama (1991). On the other hand, many researchers provide the contrast evidence that 

analyst recommendations do produce abnormal return. For instance, Bjerring, 

Lakonishok, and Vermaelen (1983) find superior performance by a single Canadian 

brokerage house. Dimson and Marsh (1984) find accurate forecasting of U.K. stock 

returns, and Groth, Lewellen, Schlarbaum, and Lease (1979) find superior 

performance by a single U.S. investment firm in the 1960s. Elton, Gruber, and 

Grossman (1986) document excess returns for the calendar month of and the first 

month after brokerage recommendation changes, although of much smaller 

magnitude than the returns shown here. Stickel (1995) and Francis and Soffer (1994) 

use data that codify the date of only published analyst reports, many coming days or 

weeks (or not at all) after the news is first disseminated orally and by the First Call 
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data source used here. 

    By reviewing the research mentioned above, we find that different conclusions 

come from different data base, different range, different markets, and different 

research methods. In the early stage, analyst team is not a big force in the market, 

even in developed market, like US market. The data of analyst recommendations and 

stocks is not completely available for research. As the stock markets grow in the 

world wide, information technology develops greatly, data becomes much easier to 

collect and complete for the research. The research on the issue becomes more 

convincing and better grounded. Moreover, since 1970s, analyst team has been 

playing an important role in the financial field, typically in the wall street of the US. 

In late of 1990s, analysts started to become the stars respected by investors. Analysts, 

especially the top ones can move the stock price up and down by their 

recommendations alone. For these reasons, the research about the value of analyst 

recommendations started to come to the similar conclusion.  

    Chinese stock market, founded in 1990, has grown to be one of the biggest 

markets in the world. 2007 saw its exploding growth along with the reform of 

ownership separation as well as the strong performance of the listed companies. 

Accordingly, China analyst team has become to an ineligible force in the market to 

find investment opportunity and push the philosophy of value investment. Do China’s 

analyst recommendations have investment value? A comprehensive examination of 

this issue using a longer and complete data base and consolidated methods is the main 

purpose of this research. In the research, I adopt event study method and examine the 

cumulative abnormal return after the date of analyst recommendation changes and 

different recommendation ratings, such as strong buy, buy, hold, sell and strong sell.  

    I examine and evaluate analyst recommendations in China over the period of 

Apr 8, 2004-Oct 31, 2007, which includes a bearish market sub-period and a bullish 

market sub-period. I find that analyst recommendations in China have significant 

impact on market, both statistically and economically. Also, I examine the characters 

of the effect of the analyst recommendations by ratings, company size, different sized 

brokers, and in split sub-periods. I find: (1) analyst recommendations in China carry 

information to the market; (2) stock prices rise significantly following strong buy 
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recommendations, especially when this recommendation is distributed from large 

brokerage firms; (3) this reaction depends upon the firm’s listing size, ownership 

structure and industry; (4) the reaction after a strong buy is statistically and 

economically significant, both in the short run and in the long run.    

   Apart from the empirical evidence of the value of China’s analyst 

recommendations, I extend the research into a new direction, examining the 

independent factors with impact on the reaction of the market to the analyst 

recommendations. Regression analysis confirms the above findings, after controlling 

for different co-factors. Ownership structure of the company, whether the company is 

dual listed, size of investment bank, size of the company and industry classification 

have significant impact on the market reaction to the strong buy and buy 

recommendations.  

    The other focus of this research is to construct a thumb trading strategy, with 

much more practical application in investment industry than previous strategies 

developed by researchers. The prior literature considers many different kinds of 

trading strategies based on analyst recommendations. For example, Barber et al. 

(2001) and Jegadeesh et al. (2003) examine the performance of trading strategies 

based on consensus recommendations with U.S. data. These trading strategies can not 

be followed in practice by fund managers due to lack of maneuverability. In this 

research, I construct a more feasible and effective trading strategy to utilize the value 

of the analyst recommendation, which is different from the trading strategies by other 

researchers. Through historical back test, I justify that this trading strategy is 

profitable even the transaction cost is taken into account. 

The rest of the paper is organized as follows. Section II reviews the literature, 

Section III describes the methodology, Section IV provides data statistics, Section V 

presents the empirical results. Section VI concludes. 

Literature Review 

   Financial researchers have devoted considerable efforts in understanding market 

reaction to analyst recommendations since broker firms started to employ a number of 

analysts to follow stocks and make investment recommendations. Logically, costly 
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analyst recommendation should pay off by help fund managers with investment 

decision. That means analyst recommendations have investment value. The other 

reason why such a problem wins attention is because the efficient market theory, first 

put forward by Eugene, Fama in 1970, considers that stock price has fully reflected 

all information available, therefore, if investors purchased such stock that is 

recommended by the securities company, it is impossible for investors to obtain the 

extra earning over the stock; but in fact, partial investors are able to obtain extra 

earning to some extent by purchasing stocks recommended by securities company, 

which would attract various scholars to research on the value of stock recommended 

by securities company from different point of views. 

   Research on the value of analyst recommendations is mainly focused on the 

performance for the market price of the stock recommended after the announcement 

of the recommendation.  

   Since Cowles (1933) first addressed this issue in his well-known study, “can stock 

market forecasters forecast?”, a number of researchers have made much efforts on 

this research. Until recently, they have still reached different conclusions. Among 

these researches, some important literature is as follows: 

   Cowles (1933), researched the performance of recommended stock in future one 

year through the collection of such information concerned with 7500 recommended 

stocks released by 16 mainstream financial agents of America between 1928 and 1932. 

He concluded that these financial agents had no capability of choosing stock.  

   Elton, Graber and Grossman (1985) gathered 9977 pieces of information on stock 

recommended by 34 US investment banks between 1981 and 1984, through the 

research on the portfolio yield which was founded by investors on the basis of stock 

recommended by the investment bank, they found that the average cumulative 

adjusted return in the first month of the established portfolio was the highest after 

release of the recommended information, which will be in the future disappeared 

gradually along with the time. However, under condition of taking consideration of 

investment cost, there was no apparent meaning of economy on such average 

cumulative abnormal return earned by investor.  

Furthermore, Barber, Lehavy, Mcnichols and Trueman (2001) studied the 
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portfolio yield built by investor according to the stock recommended by investment 

banks, whose reaching result was similar to such conclusion concluded by these 

scholars as Elton, etc. 

Through the research on 1573 pieces of information on the recommended stock 

released by 14 US investment banks between 1989 and 1993 made by Womack 

(1996), it was found that the stocks recommended by these investment banks have 

obvious value in short period of time. If investors immediately buy the stocks after 

the publicity of information recommended, the average cumulative abnormal return 

may be 2.4% in three days, but the average cumulative abnormal return will be 

changed to be -9.1% when the time of study was broadened to be three months; 

therefore, he concluded that such stocks that were recommended by these investment 

banks had visible value in short period of time, but such value had no persistence.  

Kim, Lin and Slovin (1997) also researched value of the recommended stock 

made by these investment banks, it turned out to be that the average cumulative 

abnormal return of the stock may be 4.57% in three days after the release of the 

recommended information, but and the average cumulative abnormal return may be 

1.95% when the 20th day after the release of the recommended information.  

Irvine (2003) made a research on influence on value of the recommended stock 

arising from the additional recommendation for the same stock made by these 

investment banks, he firstly select the stock recommended by these investment banks 

one week before as sample, and then started to research the influence on the stock 

value when new investment bank recommended such stock as well, it was turned out 

that the average cumulative abnormal return of the recommended stock may reach 

1.04% in two days since the release of new recommended information, which may 

also indicate that such stock that was recommended by these investment banks has 

obvious value in short period of time.  

By analyzing recommended information totaling for 2000 pieces which was 

released by 26 Indian investmentbanks between 1998 and 2004, Chakrabarti (2005) 

found that these recommended information were optimistic comparatively universally, 

furthermore, buy-in information was more than sell-out information apparently, but 

1685



which won’t affect its value. If investors established portfolio based on the stock 

recommended by these investment banks, average cumulative abnormal return of 

1.74% will be earned in 20 days after the issuance of recommended information, but 

the average cumulative abnormal return obtained by investors will be changed to be 

-6.7% when the time period was postponed to be 4 months, thus, the author thought 

that such stock that was recommended by these investment banks has certain value in 

short period of time, but its value has no persistence. In addition, the similar 

conclusions were also achieved in the research on Hong Kong markets made by Chen 

and Cheng (2003) and the research on Italian market made by Zanetti and Bianchini 

(2005). 

   Some research is done by using recommendation information from financial 

media. Barber (1993) utilized the recommendation information by investment banks 

published in “Throwing Swoop” column of “Wall Street Journal” came out every 

week as the sample for research and checking the influence on price and turnover of 

recommended stock after the issuance of these recommended information, it turned 

out that the average cumulative abnormal return of the recommended stock reached 

4% in two days after issuance of the recommended information, and turnover was 

also two times than that of prior to the release of recommended information, but the 

average cumulative abnormal return of the recommended stock will be disappeared 

along with the time process to be about 25 days after the issuance of recommended 

information. Therefore, the author considered that such information on stock 

recommended by investment banks which was published in the column had value to 

some point in short period of time.  

Sant and Zaman (1996) analysized the information on recommended stock of 

investment banks which was published in “Inner Wall Street” column of US 

“Business Weekly” between January 1976 and December 1988 every week, He 

argued that such information on the stock recommended by investment banks which 

was published in the column has certain value, but its value had no persistence.  

Chan and Fong (1996) regarded the information on recommended stock of 

securities companies which as published in “Securities Company Investment 
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Analysis” column of “Hong Kong Economy Weekly” came out every week. They 

drew a similar conclusion that such information published in the column on stock 

recommended by securities companies had no value even if in short period of time 

provided that the trading cost was considered.  

   Ivkovic and Jegadeesh (2004) adopted event study method to analyze the value of 

stock recommended by investment banks as well as the information contained, they 

found that, through contrasting the average cumulative abnormal return of the 

recommended stock in one week prior to issuance of information recommended by 

investment banks and after its issuance, the average cumulative abnormal return of 

the recommended stock was 2.31%, which will be 1.82% only in one week after the 

issuance of information recommended, thus, they considered that why such stock 

recommended by investment banks had certain value in short period of time was 

because investment banks mastered certain quantities of private information, and such 

private information has been propagated to some extent before investment banks 

release in public, therefore, it was indicated from another point of view that the 

market was not efficient at all.  

Moreover, Jegadeesh, Kim, Krische and Lee (2004) researched the relations 

between the information contents in stock recommended by investment banks and the 

stock recommended, it turned out that all of the favorable stocks of investment banks 

were of growth and active trading, and their values had a positive correlativity with 

information contents in short period of time, but this kind of value was accompanied 

by high trading cost, thus, it has an unapparent meaning of economy; furthermore and 

contrarily, value of the most favorable stock of investment banks was inferior to such 

unfavorable stocks, so the author considered that if investment banks paid more 

attention to high yield and inactive stocks, the recommended information will have 

bigger value much more.  

   The research on the value of China’s analyst recommendation has been done over 

past years. Although the research method and data source are different, but it is 

universally considered that China’s analyst recommendations have no value. 

   Chen Yongsheng (1999) was one of the earliest domestic scholars that examined 
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the value of the stock recommended by securities analyst. He made a group of stocks 

recommended by securities analysts in the “Securities Market Weekly” published 

every week as a sample for research, it was experimentally tested that whether there 

was any notable difference between average rate of return on stock recommended in 

odd week and average rate of return of the large-cap stock in aspect of statistics, it 

turned out that it had no apparent difference between such two hereinbefore. 

Therefore, Chen Yongsheng thought that such value of the stock that was 

recommended by securities analyst had no value.  

   Deng Chuanhai (2001) took the stock recommended by securities analyst which 

was published in these three media such as “Financial Information of China”, 

“Securities Market” and “Analysis for Stock Trend” as sample for studying, it was 

experimentally tested that there was difference between average rate of return on 

stock recommended in odd week and average rate of return on the large-cap stock, it 

was founded that average rate of return on stock recommended by securities analyst 

in odd week was lower than rate of return of the large-cap stock, it concluded that 

average rate of return on stock recommended by securities analyst in odd week was 

lower than rate of return on the large-cap stock, furthermore, it would be worse when 

comparing such rate of return on stocked recommended by securities analyst much 

more with rate of return on large-cap stock. As a consequence, the author considered 

that it was not existed much difference between stock selection ability of the 

securities analyst and ordinary investors, and thus such stock recommended by 

securities analyst had no value.  

   Li Kun (2003) also made such stock that was recommended by securities analyst 

published in column “The most favorable individual share of stock reviewer this 

week” of “Shanghai Securities News” between October 2000 and December 2000 as 

researching sample to examine proceeds of these stocks within 10 dealing days and 6 

months since the issuance of information recommended by securities analyst 

respectively through experiment, it was found that if investors bought in such stock 

that was recommended by securities analyst, no apparent excess earnings wouldn’t be 

acquired compared with the big-cap stock whenever 10 days or 6 months. Therefore, 
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the author deemed that securities analyst was not characterized with the capability of 

predicting stock price and such stock that was recommended by securities analyst had 

no value as well.  

   Furthermore, other scholars examined the predictive ability of the price of stock 

recommended by securities analyst. Xu Lingfeng and Ye Qingxiang (2003) took the 

predicting conclusion on individual share price presented by securities analyst which 

was showed on “foamed board” column of “Shanghai Securities News” between July 

2002 and July 2003 as a researching sample to examine the predictive ability of 

securities analyst for share price by means of experiment, it turned out that securities 

analyst had no powerful predictive ability; contrarily, such prediction had high herd 

behavior and most of predicting results were correlative to recent performance of 

individual share.  

   The research result of Liu Jianhe, Fan Wei and Jin Xuejun (2005) also verified 

aforesaid conclusions: they utilized the favorable stock of securities analyst in the 

“the most favorable individual share of stock reviewer this week” column of 

“Shanghai Securities Paper” between 2000 and 2002 as a research sample to check 

value of the stock hereinbefore within one week, a month and three months after the 

issuance of recommended information, it turned out that the largest average 

cumulative adjusted returns on the recommended stock was occurred in one week, 

and the largest average cumulative adjusted returns would be negative in one month 

and three months.  

   However, Song Jun and Wu Chongfeng (2003) made the predictive article of 

securities analyst published in “China Securities Journal” in 2000 as a research 

sample to research the accuracy of the large-cap stock predicted by securities analyst, 

it proved that the predictive result made by securities analyst was just opposite to the 

trend of the large-cap stock, which indicated that predictive ability of securities 

analyst was not higher than ordinary investors.  

   Because there are a lot of securities consulting companies engaging in securities 

consulting business of China’s secondary securities markets, such recommended 

information on stock issued by all of these consulting companies has become major 
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information source for investors especially for medium and small-stock investors. 

Therefore, it has drawn the key attention of domestic scholars to research on value of 

the stock recommended by securities consulting companies. 

   Lin Xiang (2000) used the stock recommendation information by 10 securities 

consulting companies in “Advisory Service Looked into the Market” column of 

“China Securities Journal” to analyze the alteration on average cumulative adjusted 

returns and turnover of recommended stock in period of time before and after the 

issuance of recommended information, it was concluded that such stock that was 

recommended by China’s securities consulting companies had a sustainable positive 

average cumulative adjusted returns before the issuance of recommended information, 

contrarily, it had a negative average cumulative adjusted returns after the issuance 

recommended information. He argues that China’s securities consulting companies 

have private information to some extent. The research concluded that China’s 

securities consulting companies had no super stock selection ability, and value of 

such stock recommended by various securities consulting companies had no 

remarkable difference.  

   Enlightened by research result of Lin Xiang, Zhu Baoxian and Wang Yikai (2001) 

took such stock that was recommended by securities consulting companies which was 

published in “Selecting Stock for You” column of “Shanghai Securities News” every 

Sunday between January and November of 1999 as researching sample to conduct a 

experimental research on short-term and long-term value of stock recommended by 

securities consulting companies. It turned out that average cumulative adjusted 

returns on such stock that was recommended by securities consulting companies in 

odd week was higher than that of the big-cap stock in aspect of statistics and higher 

than that of stock held by fund as well, which indicated that such stock that was 

recommended by securities consulting companies had value really in short period of 

time, but its value had no persistence.  

   Tang Jun and Song Fengming (2002) took the stock recommended by securities 

consulting companies in “Investment Advisor” column of “Shanghai Securities 

News” and “Financial Advisor” column of “Securities Times” to conduct a 
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experimental research on abnormal return on recommended stock listed in Shenzhen 

Securities Exchange between January and November of 1999. They conclude that 

information that was recommended by securities consulting companies had value 

only in very short period of term.  
   From the literature review, we found that different conclusions come from 

different data base, time range, markets, and research methods. In the early stage, 

analyst team is not a big force in the market, even in developed market, like US 

market. The data of analyst recommendations and stocks is not completely available 

for research. As the stock markets grow in the world wide, information technology 

develops greatly, data becomes much easier to collect and complete for the research, 

and the research on the issue becomes more convincing and better grounded. 

Moreover, since 1970s, analyst team has been playing an important role in the 

financial field, typically in the wall street of the US. In late of 1990s, analysts started 

to become the stars respected by investors. Analysts, especially the top ones can move 

the stock price up and down by their recommendations alone. For these reasons, the 

research about the value of analyst recommendations started to come to the similar 

conclusion. However, researchers don’t make further efforts in finding out the factors 

that impact the value of the analyst recommendations. In this research, we try to 

extend into a new direction, examining the independent factors which impact the 

reaction of the stock price to the analyst recommendations. The factors we are going 

to examine are ownership structure of the company, whether the company is 

duel-listed, size of investment bank, size of the company, price to earnings ratio, price 

to book ratio, industry category.  

   On the other hand, prior research on the value of China’s analyst recommendation 

has not been complete due to data limitation and underdevelopment of the market. 

For example, some recommendation data chosen are from one or a few of brokers and 

only a short time range is examined. Some recommendation data are from the public 

media columns targeting the retail investors, which is not available at its earliest time. 

It is not unexpected that the conclusions are mixed and unconvincing. In the research, 

I will try to make a comprehensive examination of the issue with well ground 

methods based on complete data base and provide a new evidence for the value of 

China’s analyst recommendations. 
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Methodology 

In the research, I will mainly adopt the event study method to examine the value 

of analyst recommendation in China.  

A 3-day event window from the day before the recommendation date to the day 

after the recommendation date was initially used by Womack (1996), and followed by 

a number of researchers. Also they extend the event window to 1 day, 1 month, and 3 

months. Event window chosen in the research is deferent from those commonly used 

in other research. We use a successive event window from 1 to 50 trading days 

surrounding the event measuring the abnormal return of the stocks. The data in (0, 1), 

(0, 3), (0, 10), (0, 20), (0, 30), (0, 40), (0, 50) windows will be reported. The reason 

for this is that we try to find out the detailed price and volume pattern affected by the 

recommendation and the special characters of the recommendation effect in short and 

long period.  

Measurement of abnormal return 

Assessment of the event's impact requires a measure of the abnormal return. The 

abnormal return is the actual ex post return of the security over the event window 

minus the normal return of the firm over the event window. Cumulative abnormal 

return, CAR is a widely used in the event study. 

With regard to cumulative abnormal return, different researchers use different 

calculation methods. In this research, we are going to use the market adjusted return, 

the most commonly used measure. In the robust test part, we will employ other 

methods as well. The methods I am going to use in the research are as follows. 

a. Market adjusted return 

For each recommendation, we compute ( )TCARi , the T-day cumulative market 

adjusted returns for stock i as follows: 
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where, t=0 is the recommendation date, itR  and tmktR ,  are the return for stock i and 

the market index for market which the stock is listed, respectively, on day t. We 
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measure the event time in trading days and not in calendar days.  
 

Then, the mean of cumulative abnormal return of all the stocks )(TCAR  is the mean 

of )(TCARi  
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Where n equals the number of sample firms in the event period with available returns. 

b. Size-adjusted model return 

  The market reaction to the analyst recommendations is usually measured by the 

market-adjusted return. Another measure is adopted by Womack (1996) and followed 

by other researchers. Stocks with similar capitalization size have some characters in 

common and meet investment needs of some investors. Therefore, size-adjusted 

model return is another useful measurement for the CAR.  

Size-adjusted model returns, ( )TCARsize
i  is calculated by subtracting the appropriate 

market capitalization decile returns from the sample firm's actual returns given on the 

appropriate Shanghai Composite and Shenzhen Composite tape, similar to market 

model returns as in Brown and Warner (1985). The T-day cumulative abnormal return 

for each sample firm is calculated as:  
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Where t is the market trading day relative to the recommendation day (t = 0), tiR ,  is 

the actual return on stock i on day t, and size
tR  is the return on the matching market 

capitalization size decile for day t.  

 

Then, the mean of cumulative abnormal return of all the stocks )(TCAR  is the mean 

of )(TCARsize
i  
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Where n equals the number of sample firms in the event period with available returns. 

CARs are calculated similarly for 1 until 50 trading days after the recommendation 

date. 

c. Industry-adjusted excess return 

The industry-adjusted returns are then calculated for each sample firm if there are 

at least five additional firms with the same SIC code on the stock data base in the 

Wind Info. Industry-matched returns for each firm are then calculated as the 

difference between the )(TCARsize  for the firm and the mean of the )(TCARsize  for 

the industry-matched firms.  

For example: 
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Where m is more than 4 and equals the number of all other firms, j, with the same 

SIC code and available returns.  

The mean of the cumulative abnormal return is then the mean of all industry
iCAR  as 

calculated in following equation. Given the requirement for at least five matching 

firms.  

 









= ∑

=

n

i

industry
i

industry TCAR
n

TCAR
1

)(1)(  

 

Where n equals the number of sample firms in the event period with available returns. 

Data and Sample 

a. Data and Variables 

The primary data examined in this research come from Wind Info, a leading 
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financial data provider, which serves for most of the institutional investors and 

academic institutions. It collects daily commentary of the securities analyst, portfolio 

strategist, and economist at a majority of China investment banks as well as real time 

and historical stock, fund and fixed income securities information. The major benefit 

we use the recommendation data from Wind Info is that it provide the complete 

information and specific date that the information is made available to investors. 

Especially it provides the detailed information of the analyst recommendations 

including the distribution date, ratings, analyst name, broker name and the detailed 

report.  

   In this research, two main categories of data are used. One is the analyst 

recommendation data; the other is stock and listed company data. Regarding the 

recommendation data, we get the data starting from Apr 8, 2004, which is the earliest 

time Wind Info provides the information. The ending date is Oct 31, 2007. More than 

3 year length of time is long enough for the research, which includes more than 10 

thousand observations in the raw data. More importantly, this period experienced a 

complete stock market cycle. It starts with a bearish market, and ended with a bullish 

market. The definition of the market about bearish and bullish in this period of time 

has already widely recognized by the industry and academics in China. We split the 

time period into two sub-periods, from Apr 8 2004 to Jun 7 2005 and from Jun 8 2005 

to Oct 31 2007.  

   We include the main 39 brokers whose recommendation information is available 

in Wind Info. Among these brokers, we see the oldest names owned by government, 

new names owned by private capital, as well as joint venture ones by top international 

brokers. To examine the influence of the brokers with different scale and strength, we 

classify them into two groups by the number of recommendations in the period. 

Detailed classification is reported in later part. 

The most common stock rating system consists of the ratings “buy”, “hold”, “sell”. 

However, most investment banks use a slightly different rating system, such as 

“overweight”, “neutral”, “underweight”. In the research, we use the same rating 

system as Wind Info, including 5 categories, “strong buy”, “buy”, “hold”, “sell” and 

“strong sell”.  

A number of researchers assess the investment value of recommendation changes, 

for example “upgrade” or “downgrade”. Womack (1996) only examines changes to 

and from the extremes: either stocks added or removed from the most attractive 
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category (added to buy or and removed from buy) or stocks added to or removed 

from the least attractive category (added to sell or removed from sell). It is reasonable 

to distinguish the positive and negative rating to see the impact on the stock price by 

the recommendation changes. Womack states that four types of changes are chosen 

because they would be among the most prominent news items in a typical day and the 

mostly like to be conveyed immediately to important institutional investors. We argue 

that the removal from sell or strong is upgrading or positive for the stock, but it is not 

as much positive as the added to buy or strong buy. For example, an upgrade from sell 

to hold does not give a clear signal to buy for the fund managers. In this research, we 

will focus on the value of recommendation with five different ratings. Reiteration 

ratings will be excluded because it does not have as much influence as its previous 

recommendation. By examining the more detailed categories, we can see more 

interesting findings. 

We drop the IPO stocks with less than 6 month listing history since these stocks 

usually outperform the market greatly in the time period right after the IPO in China. 

Also, 315 recommendations are dropped from the sample because the corresponding 

stocks do not have complete trading information. 

The primary sample consists of a total of 11582 recommendations by 39 broker 

firms. Excluding the reiteration rating and the recommendations without complete 

trading information on corresponding stocks, the final sample has 4678 

recommendations. Multiple recommendations of the same firm occur in the sample, 

but they are few and do not materially change the results. 

China has two stock exchanges, Shanghai stock exchange and Shenzhen stock 

exchange. Each of them has their own index series. Hushen300 index is an integrated 

index including biggest 300 stocks in capitalization listed in two stock market, which 

represents the entire market performance of China’s stock market. But it was 

established in Apr 2005. In this research, we use Shangzheng index, and Shenzheng 

index as the market indexes for the stocks listed in Shanghai exchange and Shenzhen 

exchange respectively. 

b. Sample statistics 

Table 1: Statistics of Analyst Recommendation 
This table presents the number of analyst recommendations in China from April 8, 2004 to October 31, 2007. The 

recommendations are classified into five subgroups from strong buy to strong sell that are indicated by column headings. The 

observations are limited to those made by the 39 leading brokers. Brokers that publicized more than 400 reports are classified as 
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large ones and are scored as 1 in column titled “Big/Small”. CICC never publicized its report so it is not covered by Wind 

Database. The data are obtained from the database, Wind Info, which is the leading financial information provider for 

professional, institutional investment managers. 

Brokers Strong Buy Buy Hold Sell Strong Sell Total Big/Small 

Guotai Junan 267 200 170 31 0 668 1 

Haitong 210 132 289 1 28 660 1 

China Merchants 183 214 182 23 0 602 1 

Shenin & Wanguo 81 284 182 2 0 549 1 

Lianhe 0 284 201 16 0 501 1 

China Jianyin Invest 47 226 203 5 0 481 1 

Pingan of China 98 241 130 11 0 480 1 

Guosen 177 140 141 16 0 474 1 

Changjiang 167 207 95 4 0 473 1 

Everbright 88 221 147 16 0 472 1 

Orient 62 228 167 6 0 463 1 

China Galaxy 129 200 120 13 0 462 1 

China Securities 101 230 117 9 2 459 1 

Industrial Securities 58 256 102 17 0 433 1 

CITICS 168 176 73 16 0 433 1 

Huatai 35 307 87 2 0 431 1 

Sinolink 3 281 99 5 0 388 0 

Guangfa 153 19 153 1 12 338 0 

Great Wall 123 132 73 3 0 331 0 

Shanghai 7 160 104 5 0 276 0 

Southwest 6 153 77 35 1 272 0 

Central China 50 157 51 1 0 259 0 

Century Securities 6 168 72 4 0 250 0 

Guodu 143 53 24 11 0 231 0 

BOC International 0 115 31 48 0 194 0 

China Minzu 104 68 15 2 0 189 0 

Essence Securities 66 57 22 3 0 148 0 

Northeast 42 54 38 10 0 144 0 

Sealand 11 87 39 4 2 143 0 

Guoyuan 20 57 22 1 0 100 0 

Nanjing 6 49 11 0 0 66 0 

First Capital 19 28 9 0 0 56 0 

Founder Securities 0 14 26 1 0 41 0 

Bohai 15 24 0 0 0 39 0 

Goldstate 0 14 9 1 0 24 0 

Guolian 3 13 0 0 0 16 0 

Beijing Gaohua 0 3 8 3 0 14 0 

Capital Securities 1 10 3 0 0 14 0 

Pacific Securities 0 3 1 1 0 5 0 

Shanghai Fareast 0 1 1 0 0 2 0 
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Wanlian Securities 0 1 0 0 0 1 0 

Total 2,649 5,267 3,294 327 45 11,582 39 

Big Brokers 1871 3546 2406 188 30 8041 16 

% 70.6% 67.3% 73.0% 57.5% 66.7% 69.4% 41.0% 

Small Brokers 778 1721 888 139 15 3541 23 

% 29.4% 32.7% 27.0% 42.5% 33.3% 30.6% 59.0% 

 

     Table 1 presents the statistics of analyst recommendations in China from April 8, 

2004 to October 31, 2007. There are a total of 11,582 sell side analyst 

recommendations by the 39 leading brokers in the sample period. The 

recommendations are classified into five subgroups from strong buy to strong sell that 

are indicated by column headings.  Brokers that publicized more than 400 reports 

are classified as large ones and are scored as “1” in column titled “Big/small”. 16 

biggest brokers made a total of 8041 recommendations, accounting for 69% of the 

total sample recommendations, while 23 brokers made 3541 recommendations, 

account for 31% of the total sample recommendations. Among the total 11,582 

recommendations, there are 7916 recommendations of “buy” and “strong buy” rating, 

which is 21 times of the number of “sell” and “strong sell” ratings. There are much 

more positive views on the stocks than negative views, which is similar to most stock 

markets around the world. Womack (1996) reports 7 to 1 ratio of buy to sell 

recommendation in the sample. Pratt (1993) notes that Zack Investment Research, a 

data base for US stocks estimates the ratio is about 10:1. Analysts are reluctant to 

make sell or strong sell recommendation because they need to remain good 

relationship with the listed company that doesn’t want to see their stock is rated as 

sell. Sell or strong sell rating is only be made when the stock is really highly 

overpriced or facing touch situation. 

 
Table 2: Recommendation changes in Sub-periods 

In this table, recommendation changes are reported in three different sub-periods 08/04/2004 - 06/06/2005, 07/06/2005 - 

15/10/2007, 16/10/2007 - 31/10/2007. The sub-period is split by the market trend, uptrend and downtrend, as most investors 

think bullish and bearish market.  

Recommendation changes From 08/04/2004  

to 06/06/2005 

From 07/06/2005 

 to 31/10/2007 

Total 

upgrade 22 802 824 

downgrade 37 659 696 

Initial coverage 698 2,775 3,473 

Total 757 4,236 4,993 
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   Table 2 reports the recommendation changes in two different sub-periods 

08/04/2004 - 06/06/2005, 07/06/2005 - 31/10/2007. The sub-periods are split by the 

market trend, downward and upward, as most investors think bullish and bearish 

market. We conjecture that market participants will demonstrate different behaviors in 

different investment environment, including sell side analysts and investors. We can 

see this phenomenon clearly from the table. In the upward market sub-period, from 

Apr 8 2004 to Jun 6, 2005, there are more down grade ratings than upgrade ones. The 

upward sub-period sees the opposite phenomenon. It is logical that analysts are 

affected by the market emotion in their recommendation making. 

Empirical Results  

I. Abnormal Return after Recommendation 

a. Market reaction to specific recommendation ratings. 

To further examine the market reaction to the specific recommendation ratings, 

we calculated the CAR using the same method. Table 3 presents the CAR for 

different specific recommendation ratings made by all of the brokers in the sample. 

The recommendations are sorted into fives groups by rating, strong buy, buy, hold, 

sell, strong sell. The average cumulative returns are calculated for every trading day 

over [0, 50] trading days from the recommendation date. In the first column, day 0 is 

the revision date and other days in the columns are the number of trading days from 

the recommendation date. Figure 1 gives the picture of the CAR trend for 5 

recommendation ratings. 

 

Table 3: Average Market-adjusted CAR by Recommendation Ratings  
The table presents the cumulative average returns for the different recommendation ratings implemented by all of the brokers in 

the sample. The recommendations are sorted into fives groups by rating, strong buy, buy, hold, sell, strong sell. The average 

cumulative returns are calculated for every trading day over [0, 50] trading days from the recommendation day. In the first 

column, day 0 is the recommendation day and other days in the columns are the number of trading days from the 

recommendation day. The four column headings indicate the different recommendation rating. 

  Strong Buy Buy Hold Sell Strong Sell 

0 0.033 0.018 0.005 -0.004 -0.005 

3 0.049 0.022 0.003 -0.008 -0.002 

10 0.049 0.021 -0.002 -0.012 -0.002 

20 0.045 0.018 -0.008 -0.025 0.002 
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30 0.037 0.014 -0.010 -0.028 0.002 

40 0.031 0.005 -0.016 -0.031 0.010 

50 0.040 0.010 -0.016 -0.029 0.005 

 

 

Figure 1: Average Market-adjusted CAR by Recommendation Ratings  
This figure presents cumulative average returns for the different recommendation ratings implemented by all of the brokers in 

the sample. The average cumulative returns are calculated for every trading day over [0, 50] trading days from the 

recommendation day. The Y axis denotes CAR, X axis represents time in trading days. 
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If taking away the line of strong sell rating, we will see four lines from top one 

strong to bottom one sell, which are arranged orderly. The order of lines is completely 

consistent to the degree of attractiveness of the recommended stocks. That proves that 

market reacts to the analyst recommendations correctly and precisely. For the strong 

buy, CAR reaches the highest of 5.0% at 4th trading day. All the recommendation 

effect is reflected in the first 4 days after the event day. CAR declines slightly in later 

days. Buy rating sees a positive but much lower CAR than strong buy over the whole 

window. Same as strong buy, recommendation effect is reflected in short term and 

reached highest of 2.2% on the 3rd trading day. The difference from strong buy is that 

most recommendation effect is reflected in the event day, which records the 1.8% 

CAR. Hold and sell ratings experience a negative and declining CAR in the event 

window, as we expected.  

Finally, let’s come to talk about the strong sell. As mentioned in the prior part, 

there are very few recommendations with strong sell, which is only made in an 

extreme situation. That means analysts have more evidence supporting their opinions 
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and thus are more confident than sell. But our empirical results are confusing. We 

don’t see a clear declining CAR over the window. The CAR are fluctuating around 

zero and steadily positive in the ending period of the window. Is there any special 

reason for this unexpected result? We will readdress this issue from one perspective in 

later sections. 

     

d. Market reaction to specific recommendation ratings by different sized brokers 

Table 4 and Figure 2 present the mean cumulative abnormal returns for the 

different recommendation ratings implemented by large brokers in the sample. The 

recommendations are sorted into fives groups by rating, strong buy, buy, hold, sell, 

strong sell. The average cumulative returns are calculated for every trading day over 

[0, 50] trading days from the recommendation date.  

 

Table 4: Average Market-adjusted CAR for Recommendation Ratings by large 
Brokers 

The table presents the cumulative average returns for the different recommendation ratings implemented by large brokers in the 

sample. The recommendations are sorted into fives groups by rating, strong buy, buy, hold, sell, strong sell. The average 

cumulative returns are calculated for every trading day over [0, 50] trading days from the recommendation day. In the first 

column, day 0 is the recommendation day and other days in the columns are the number of trading days from the 

recommendation day. The four column headings indicate the different recommendation rating. 

Time Strong Buy Buy Hold Sell Strong Sell 

0 .045933 .0273357 .0122488 -.0005959 -.0057129 

3 .0631342 .0322349 .0116049 -.0066041 -.0136786 

10 .0591706 .0221867 .0008975 -.0066607 -.0227655 

20 .052682 .014686 -.00531 -.0276322 -.0265372 

30 .0381478 .0223268 -.0079303 -.0463847 -.0092569 

40 .0369694 .0117956 -.0086659 -.0667402 .001752 

50 .0459311 .01455 -.0060206 -.066513 -.0087104 

 

 
Figure 2: Average Market-adjusted CAR of Recommendation Ratings by Large 

Brokers 
This figure presents cumulative average returns for the different recommendation ratings implemented by large brokers in the 

sample. The average cumulative returns are calculated for every trading day over [0, 50] trading days from the recommendation 

day. The Y axis denotes CAR, X axis represents time in trading days. 
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    CAR of the recommendation ratings by large brokers demonstrate the similar 

pattern of the CAR by all brokers. However, we can see two important differences. 

One is that the CAR of strong buy is much higher, for example the highest CAR is 

6.3%, higher than 5.0% for all brokers. The other difference is that CAR of strong sell 

gives a logical trend within 15 trading days. It is negative and declines sharply over 

this short period. Since the 16th trading day, CAR started to recover from the bottom. 

This result proves that strong sell recommendation by large brokers do have an 

intentional influence on the market in short period. Also, it presents that large brokers 

have bigger influence on the market.  

Similarly, Table 5 and Figure 3 present the mean cumulative abnormal returns for 

different recommendation ratings implemented by small brokers in the sample.  

There are three differences from the CAR pattern by all brokers. First, CAR of strong 

buy is much lower, for example the highest CAR is 4.3%, lower than 5.0% for all 

brokers, and happens on the 5th trading day, not the 3rd trading day. Second, CAR of 

strong sell demonstrates illogical trend. It starts with negative, jumps to 4.8% on the 

third day, and remains positive in the rest part of the event window. Last, CAR of sell 

has a slightly declining trend by the 20th trading day and recovers gradually thereafter. 

This result tells that small brokers have less influence on the market and strong sell 

by small brokers has an opposite recommendation effect. It implies that the market 

translates the strong sell by small brokers into a positive sign on the corresponding 

stocks. It gives us an interesting insight into the issue and partly shows us the source 

of the unexpected CAR of strong sell by all brokers mentioned in previous section. 
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Table 5: Average Market-adjusted CAR of Recommendation Ratings by Small 
Brokers 

The table presents the cumulative average returns for the different recommendation ratings implemented by small brokers in the 

sample. The recommendations are sorted into fives groups by rating, strong buy, buy, hold, sell, strong sell. The average 

cumulative returns are calculated for every trading day over [0, 50] trading days from the recommendation day. In the first 

column, day 0 is the recommendation day and other days in the columns are the number of trading days from the 

recommendation day. The four column headings indicate the different recommendation rating. 

time Strong Buy Buy Hold Sell Strong Sell 

0 .0251284 .0149598 .0020964 -.0058897 -.0047423 

5 .042726 .0196096 -.0029241 -.0057115 .0260485 

10 .0417278 .021219 -.0037669 -.0150074 .0450197 

20 .0401774 .0193538 -.0089696 -.0241272 .0649091 

30 .0364903 .0116854 -.0115769 -.0186161 .0253095 

40 .0271981 .0031796 -.0189742 -.0130384 .0279706 

50 .0348559 .0085725 -.0202914 -.0098116 .0342477 

 

Figure 3:  Average Market-adjusted CAR of Recommendation Ratings by Small 
Brokers 

This figure presents cumulative average returns for the different recommendation ratings implemented by small brokers (see 

Table 1) in the sample. The average cumulative returns are calculated for every trading day over [0, 50] trading days from the 

recommendation day. The Y axis denotes CAR, X axis represents time in trading days. 
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f. Market Reaction Difference between Large and Small Brokers 

Table 6 and Figure 4 represent the CAR mean of recommendation ratings by 

large and small brokers and mean difference with statistical test. The CAR mean are 

calculated over all event windows. As we see from the table, all the mean difference 

is statistically significant at 1% confidence level except “buy ” rating, which is 
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significant at 5% confidence level.  

 
Table 6: CAR Difference Test between Large and Small brokers 

This table represents the t test of CAR mean of recommendation ratings by large and small brokers. The CAR mean are 

calculated over all event windows. The last column reports the mean difference between the CAR means for large and small 

brokers. Superscript *** represents statistical significance of the non-zero test at 1% confidence level, superscript ** means the 

confidence level of 5%.   

 CAR mean for Large brokers CAR mean for Small brokers Mean Difference  

Strong Buy .04660615 .03571706 .01088908*** 

Buy .01941543 .013198 .00621743** 

Hold -.00348751 -.01019869 .00671118*** 

Sell -.03492038 -.01434042 -.02057996*** 

Strong Sell -.01457489 .03259638 -.04717127*** 

 
Figure 4: Test of CAR Mean Difference between Large and Small Brokers 

This figure represents the average cumulative average return for both small brokers and large brokers under each 

recommendation ratings. The mean returns are calculated over [0, 50] days from the recommendation day. The broken line 

indicates the mean difference between the CAR means for large and small brokers.  
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Table 7 presents comparable CAR of “strong buy” and “sell” by large and small 

brokers in the sample. Figure 5 graphs the CAR for a more clear comparison. It 

shows the same results as the t test that CAR of “strong buy” is always higher by 

large brokers than by small brokers. It is more obvious in short term. The CAR of 

“sell” is higher by large than by small in long term after 12 trading days, but we can 

not see much difference between them.  

 

Table 7: Comparison of Average Market-adjusted CAR for Strong Buy & Sell 
between Large & Small Brokers 
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The table presents the cumulative average returns for the different recommendation ratings implemented by large and small 

brokers in the sample. Panel A shows the CAR for strong buy by large and small brokers, while Panel B shows the CAR for sell 

by brokers of different sizes. The average cumulative returns are calculated for every trading day over [0, 50] trading days from 

the recommendation day. In the first column, day 0 is the recommendation day and other days in the columns are the number of 

trading days from the recommendation day.  

Time Strong Buy Sell 

 Large Small Large Small 

0 .045933 .0251284 -.0005959 -.0058897 

3 .0631342 .040461 -.0066041 -.0081652 

10 .0591706 .0417278 -.0066607 -.0150074 

20 .052682 .0401774 -.0276322 -.0241272 

30 .0381478 .0364903 -.0463847 -.0186161 

40 .0369694 .0271981 -.0667402 -.0130384 

50 .0459311 .0348559 -.066513 -.0098116 

Figure 5: Comparison of Average Market-adjusted CAR for Strong Buy & Sell 
between Large & Small Brokers 

This figure presents cumulative average returns for the different recommendation ratings implemented by large and small 

brokers in the sample. The average cumulative returns are calculated for every trading day over [0, 50] trading days from the 

recommendation day. The unbroken lines indicate large brokers, while the broken lines indicate the small brokers. The Y axis 

denotes CAR, X axis represents time in trading days. 

 
 

g. Market Reaction to Strong Buy by Sector 

Table 8 and Figure 6 report CAR of “strong buy” recommendations among Global 

Industry Classification Standard sectors. The first two rows describe the distribution 

of the recommendations. The column titled “Freq.” reports the numbers of strong buy 

recommendation made for each sector firms, while the column titled “Percent” 

reports the percentage of recommendation of each sector to all recommendations. We 
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calculated the CAR by GICS sector to see if different sectors react to the “strong buy” 

recommendation in different manners. Again, we combined the telecom and utilities 

together. Figure 10 graphs the CAR of “Strong Buy” by sector. We can see from the 

table that Industrials, Materials, Financials, and Consumer decretory were given the 

most “strong buy” recommendations. According to the table 6 about the 

recommendation statistics by GICS, Industrials and materials are recommended to 

“Strong Buy” most frequently; coincidently, these two sectors have highest CAR 

among all sectors in all the event windows. What is interesting is that three sectors, 

Information technology, Health care and Consumer discretionary react to “Strong 

Buy” in a different manner. They do not have a significant positive CAR shortly after 

the recommendation. Differently, several days later, their CAR turns to negative and 

remains a declining trend. Other sectors have shown a steady upward CAR trend after 

the recommendation date. That means most sectors react to “Strong Buy” in a rational 

manner. In other words, analysts’ “Strong Buy” recommendations on stocks in most 

sectors have investment value. But those three sectors, Information technology, 

Health care and Consumer discretionary are exceptions.  

 
Table 8: Average Market-adjusted CAR of Strong Buy by Sectors 

The first two rows of the table reports the distribution of the strong buy recommendations among Global Industry Classification 

Standard sectors. The column titled “Freq.” reports the numbers of strong buy recommendation made for each sector firms, 

while the column titled “Percent” reports the percentage of recommendation of each sector to all recommendations. Average 

market adjusted cumulative average returns of stocks with strong buy recommendations are reported over [0, 50] trading days 

from the recommendation day. For each day, firms with strong buy recommendations are sorted into several sector subgroups 

based on Global Industry Classification Standard and the CARs of each subgroup are reported. 

 Consumer 
Discr 

Industrials Utilities Financials Energy Consumer 
Staples 

Info 
Technology 

Health 
Care 

Materi
als 

Freq 131 258 39 106 26 62 73 70 197 

% 13.62 26.82 4.05 11.02 2.7 6.44 7.59 7.28 20.48 

0 0.0053 0.0548 0.0259 0.0516 -0.0005 0.0350 0.0060 0.0095 0.0385 

3 0.0130 0.0747 0.0213 0.0675 0.0257 0.0690 0.0057 0.0125 0.0628 

10 0.0097 0.0722 0.0122 0.0805 0.0443 0.0614 0.0089 -0.0065 0.0646 

20 -0.0169 0.0704 -0.0095 0.0868 0.0099 0.0712 -0.0009 -0.0290 0.0787 

30 -0.0307 0.0670 0.0174 0.0793 0.0561 0.0614 -0.0412 -0.0511 0.0680 

40 -0.0585 0.0637 0.0499 0.0938 0.1067 0.0335 -0.0508 -0.0669 0.0573 

50 -0.0487 0.0594 0.0540 0.1115 0.1063 0.0368 -0.0669 -0.0817 0.0961 

 

 

Figure 6: Average Market-adjusted CAR of Strong Buy by Sectors 
Firms with strong buy recommendations are sorted into several sector subgroups based on Global Industry Classification 
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Standard. Average market adjusted cumulative average returns of stocks within each sector are also reported over [0, 50] trading 

days from the recommendation day.. 
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h. Market Reaction to Strong Buy by Company Size  

Table 9 presents the CAR of “Strong Buy” on different sized listed companies. All 

listed companies are classified into ten deciles by the market cap. Each decile group 

has the same number of listed companies. Figure 7 gives the CAR trend of different 

groups. Group 1 has a negative CAR in the event window, all other groups see a 

positive CAR within 20 trading days. Group 8 and 10 have the highest CAR. We see 

a general trend that the bigger cap groups have higher CAR. Small stocks usually 

have a small coverage by the brokers. In the other hand, institutional investors pay a 

little attention to them or even stay away from them because small stocks have a low 

liquidity and are easily manipulated. Strong buy does not have much influence on 

these stocks. Out result confirms that stocks with large capitalization react to strong 

buy recommendation more significantly. We can also see that the most significant 

reaction does not happen on the stocks with biggest cap. It can be explained that the 

price of large stocks reacts less to any information than small ones due to high 

liquidity and large amount of outstanding shares. 

Table 9:  Average Market-adjusted CAR by Companies with Different Market 
Capitalization 

This table places the firms into 10 subgroups based on their market cap, which are indicated by the column headings. Numbers 

in the first row denote the ten deciles split by the market cap of listed company. Each decile group has the same number of listed 
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companies. Average market adjusted cumulative returns of each subgroups are reported over [0, 50] days from the 

recommendation day.  

 

Size 

scale 

1 2 3 4 5 6 7 8 9 10 

0 -0.0033 0.0087 0.0157 0.0161 0.0058 0.0110 0.0719 0.0723 0.0088 0.0398 

10 -0.0381 0.0007 0.0136 0.0359 0.0496 0.0109 0.0641 0.0835 0.0230 0.0645 

20 -0.0654 -0.0376 0.0137 0.0168 0.0338 -0.0041 0.0784 0.0772 0.0213 0.0692 

30 -0.0882 -0.0421 -0.0318 0.0113 0.0248 -0.0125 0.0857 0.0315 0.0201 0.0752 

40 -0.1282 -0.0600 -0.0503 0.0183 0.0424 -0.0083 0.0395 0.0028 0.0268 0.0771 

50 -0.1109 -0.1207 -0.0576 0.0020 0.0851 -0.0280 0.0142 -0.0150 0.0329 0.1144 

 

 

Figure 7:  Average Market-adjusted CAR by Companies with Different Market 
Capitalization 

This table presents the CAR of listed companies with different market capitalization. Companies are placed into 10 decile 

subgroups based on their market cap. Numbers from 1 to 10 denote decile group from the smallest to largest in market 

capitalization, each of which has the same number of listed company (See Table 15). Average market adjusted cumulative 

abnormal returns of stocks in the first, third, fifth, eighth and tenth market cap deciles subgroups are showed over [0, 50] days 

from the recommendation day.  

 
 

i. Market reaction to Strong Buy by Year 

Table 10 and Figure 8 report the average market adjusted cumulative returns for 

stocks after strong buy recommendations by each year in the sample period from Apr 

8, 2004 to Oct 31, 2007. In each of the year, we can see a positive average cumulative 

return in the short term, from the recommendation date to the third trading day after 

that. This pattern is more obvious in year 2006 and 2007, in which cumulative 
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abnormal return reaches highest within 5 trading days after the recommendation date. 

2007 sees the first highest cumulative return of 6.3% on fifth trading day. 2006 

experiences the highest cumulative return of 3.8% on the third trading day. The 

positive cumulative abnormal return remains in the whole event window until the 50th 

trading day for 2006 and 2007. However, the cumulative abnormal return for 2004 

and 2005 turns to negative on the forth trading day and 17th trading day respectively. 

It implies that strong buy recommendation have significant influence in the short run 

as well as the long run in 2006 and 2007, but it has significant influence only in the 

short run in 2004 and 2005. We conjecture that the difference of the influence by 

strong buy may come from the whole market sentiment. 2004 and 2005 experienced a 

downward market and 2006 and 2007 sees an upward market (). We are going to 

examine the market in next section by sub-periods to get more insights. 

 

Table 10: Average Market-adjusted CAR of Strong Buy by Year 
This table reports the average market adjusted cumulative returns for stocks after strong buy recommendations by each year in 

the sample period from Apr 8, 2004 to Oct 31, 2007. The CAR is calculated over [0, 50] days from the recommendation day. 

 2004 2005 2006 2007 

 N mean N mean N mean N mean 

0 31 0.0041 115 0.0176 189 0.0215 627 0.0414 

3 31 0.0028 114 0.0203 189 0.0377 627 0.0607 

10 31 -0.0100 114 0.0109 189 0.0310 626 0.0638 

20 31 -0.0206 114 -0.0041 189 0.0259 542 0.0662 

30 31 -0.0449 114 -0.0154 189 0.0361 485 0.0552 

40 31 -0.0393 114 -0.0294 189 0.0379 451 0.0486 

50 31 -0.0502 113 -0.0423 189 0.0685 418 0.0552 

 

Figure 8: Average Market-adjusted CAR of Strong Buy by Year 
This table reports the average market adjusted cumulative returns for stocks after strong buy recommendations by each year in 

the sample period from Apr 8, 2004 to Oct 31, 2007. The CAR is calculated over [0, 50] days from the recommendation day. 

Comment [MS1]:  
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j. Market Reaction to Strong Buy in Sub-periods 

Table 11 and figure 9 report the average market adjusted cumulative returns for 

stocks after strong buy recommendations by two sub periods in the sample period 

from Apr 8, 2004 to Oct 31, 2007. The whole period is split into two stages: from 

08/04/2004 to 06/06/2005, and from 07/06/2005 to 12/31/2007. These two different 

periods represent a bearish and a bullish market respectively. Clearly, we see different 

market reactions to the strong buy in different market stages. In the bullish market, 

from 07/06/2005 to 12/31/2007, the market reacts significantly to the strong buy 

recommendation not only in the short run but also in the long run. The cumulative 

abnormal return reaches the highest of 6.0% on the forth trading day for the first time. 

In contrast, in the bearish market, from 08/04/2004 to 06/06/2005, the market only 

reacts significantly to the strong buy recommendation in the short run until the 12th 

trading day. The recommendation influence is fully reflected in two days shortly after 

the recommendation. The conclusion from this analysis is that strong buy does 

produce abnormal return in different market stages, while the influence depends on 

the market situation. 

 

Table 11: Average Market-adjusted CAR of Strong Buy in Sub-periods 
This table reports the average market adjusted cumulative returns for stocks after strong buy recommendations by two sub 

periods in the sample period from Apr 8, 2004 to Oct 31, 2007. The whole period is split into two stages: from 08/04/2004 to 

06/06/2005, and from 07/06/2005 to 12/31/2007. These two different periods represent a bearish and a bullish market 

respectively. The CAR is calculated over [0, 50] days from the recommendation day. 

 

 08/04/2004 - 06/06/2005 07/06/2005 - 12/31/2007 

 N mean N mean 
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0 108  0.0163 732  0.0367 

3 107  0.0152 732  0.059 

10 107  0.0041 731  0.0574 

20 107  -0.0131 730  0.055 

30 107  -0.0323 701  0.0467 

40 107  -0.0479 667  0.0433 

50 106  -0.0675 634  0.057 

 

 

Figure 9: Average Market-adjusted CAR of Strong Buy in Sub-periods 
This table reports the average market adjusted cumulative returns for stocks after strong buy recommendations by two sub 

periods in the sample period from Apr 8, 2004 to Oct 31, 2007. The whole period is split into two stages: from 08/04/2004 to 

06/06/2005, and from 07/06/2005 to 12/31/2007. These two different periods represent a bearish and a bullish market 

respectively. The CAR is calculated over [0, 50] days from the recommendation day. 
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k. Robust Check 

To further prove the existence of significant CAR on the recommendations in 

China market, we do robust check in the section. We use different methods to 

calculate the CAR. Size-adjusted CAR and Industry-adjusted CAR are examined. 

These methods are adopted by Womack (1996) adopted and followed by many 

researchers.  

Table 12 presents the size-adjusted CAR for different specific recommendation 

ratings made by all of the brokers in the sample. The recommendations are sorted into 

fives groups by rating, strong buy, buy, hold, sell/strong sell. As strong sell sample is 

too small, I put it with sell together. The average cumulative returns are calculated for 

every trading day over [0, 50] trading days from the recommendation date. In the first 
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column, day 0 is the revision date and other days in the columns are the number of 

trading days from the recommendation date. Figure 10 gives the picture of the CAR 

trend for 5 recommendation ratings. 

 

Table 12: Average Size-adjusted CAR for Recommendation Ratings by Leading 
Brokers 

This table presents size adjusted cumulative abnormal returns of the recommendations by all brokers in the sample. CAR is 

adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation issued day. 

 Strong Buy Buy Hold Sell/Strong Sell 

0 0.018 0.007 -0.001 -0.006 

3 0.034 0.010 -0.005 -0.009 

10 0.031 0.003 -0.014 -0.019 

20 0.022 -0.007 -0.026 -0.035 

30 0.005 -0.020 -0.037 -0.043 

40 -0.008 -0.036 -0.048 -0.052 

50 -0.013 -0.042 -0.055 -0.059 

 

Figure 10: Average Size-adjusted CAR for Recommendation Ratings by Leading 
Brokers 

This table presents size adjusted cumulative abnormal returns of the recommendations by all brokers in the sample. CAR is 

adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation issued day.  

 
 

Similar to the market-adjusted CAR, we can see four lines from top one strong 

buy to bottom one sell/strong sell, which are arranged orderly. The order of lines is 

completely consistent to the degree of attractiveness of the recommended stocks. That 

proves that market reacts to the analyst recommendations correctly and precisely. For 
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the strong buy, CAR reaches the highest of 3.6% at 4th trading day. All the 

recommendation effect is reflected in the first 4 days after the event day. Differently, 

CAR declines slowly and turns to negative on 36th trading day. Buy rating sees a 

positive but much lower CAR than strong buy over the whole window. Same as 

strong buy, recommendation effect is reflected in short term and reached highest of 

1% on the 3rd trading day. It turns to negative on 14th trading day after the 

recommendation day. Hold and sell ratings experience a negative and declining CAR 

in the event window, as we expected.  

Table 13 and Figure 11 present the size-adjusted CAR for the different 

recommendation ratings implemented by different sized brokers in the sample. The 

recommendations are sorted into fives groups by rating, strong buy, buy, hold, 

sell/strong sell. The average cumulative returns are calculated for every trading day 

over [0, 50] trading days from the recommendation day.  

 

Table 13: Average Size-adjusted CAR for Recommendation Ratings by Different 
Sized Brokers 

This table presents size adjusted cumulative abnormal returns of the recommendations by different sized brokers in the sample. 

CAR is adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation day. 

 Small Brokers Large Brokers 

 Strong 

Buy 

Buy Hold Sell/Strong 

Sell 

Strong 

Buy 

Buy Hold Sell/Strong 

Sell 

0 0.012 0.002 -0.002 -0.005 0.028 0.022 0.001 -0.007 

3 0.026 0.004 -0.007 -0.005 0.048 0.026 -0.000 -0.016 

10 0.023 0.001 -0.014 -0.013 0.044 0.010 -0.014 -0.027 

20 0.016 -0.008 -0.026 -0.026 0.031 -0.001 -0.027 -0.047 

30 -0.000 -0.026 -0.036 -0.028 0.012 -0.005 -0.038 -0.065 

40 -0.017 -0.040 -0.049 -0.032 0.006 -0.021 -0.046 -0.081 

50 -0.025 -0.047 -0.056 -0.039 0.007 -0.027 -0.053 -0.088 

 

 

Figure 11: Average Size-adjusted CAR for Recommendation Ratings by Different 
Sized Brokers 

This table presents size adjusted cumulative abnormal returns of the recommendations by different sized brokers in the sample. 

CAR is adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation day. 
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CAR of the recommendation ratings by different sized brokers demonstrate the 

similar pattern of the CAR by all brokers. By comparison of CAR by different sized 

brokers, we can large brokers demonstrate higher CAR of strong buy and buy, lower 

CAR of hold and sell/strong sell than small brokers. Same conclusion we can draw 

that analyst recommendations do have investment value on the market, bigger brokers 

have more influence than small ones.  

Table 14 and Figure 12 present the industry-adjusted CAR for different specific 

recommendation ratings made by all of the brokers in the sample. The 

recommendations are sorted into fives groups by rating, strong buy, buy, hold, 

sell/strong sell. As strong sell sample is too small, I put it with sell together. The 

average cumulative returns are calculated for every trading day over [0, 50] trading 

days from the recommendation date. In the first column, day 0 is the revision date and 

other days in the columns are the number of trading days from the recommendation 

date. 

Table 14: Average Industry-adjusted CAR of Recommendation Ratings 
This table presents industry adjusted cumulative abnormal returns of the recommendations by all brokers in the sample. CAR is 

adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation day. 

 Strong Buy Buy Hold Sell/Strong Sell 

0 0.019 0.007 -0.000 -0.004 

3 0.036 0.011 -0.004 -0.006 

10 0.036 0.005 -0.013 -0.012 

20 0.026 -0.005 -0.025 -0.028 

30 0.010 -0.019 -0.035 -0.040 
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40 -0.003 -0.032 -0.044 -0.048 

50 -0.011 -0.038 -0.049 -0.054 

 

Figure 12: Average Industry-adjusted CAR of Recommendation Ratings by Leading 
Brokers 

This table presents industry adjusted cumulative abnormal returns of the recommendations by all brokers in the sample. CAR is 

adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation day. 

 

   Similar to the market-adjusted CAR, we can see four lines from top one strong 

buy to bottom one sell/strong sell, which are arranged orderly. The order of lines is 

completely consistent to the degree of attractiveness of the recommended stocks. That 

proves that market reacts to the analyst recommendations correctly and precisely. For 

the strong buy, CAR reaches the highest of 3.8% at 4th trading day. All the 

recommendation effect is reflected in the first 4 days after the event day. Differently, 

CAR declines slowly and turns to negative on 36th trading day. Buy rating sees a 

positive but much lower CAR than strong buy over the whole window. Same as 

strong buy, recommendation effect is reflected in short term and reached highest of 

1.1% on the 3rd trading day. It turns to negative on 14th trading day after the 

recommendation day. Hold and sell ratings experience a negative and declining CAR 

in the event window, as we expected.  

Table 15 and Figure 13 present the industry-adjusted CAR for the different 

recommendation ratings implemented by different sized brokers in the sample. The 

recommendations are sorted into fives groups by rating, strong buy, buy, hold, 

sell/strong sell. The average cumulative returns are calculated for every trading day 

over [0, 50] trading days from the recommendation day.  

 

Table 15: Average Industry-adjusted CAR for Recommendation Ratings by Different 
Sized Brokers 
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This table presents industry adjusted cumulative abnormal returns of the recommendations by different sized brokers in the 

sample. CAR is adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation day. 

 Small Brokers Large Brokers 

 Strong Buy Buy Hold Sell/Strong 

Sell 

Strong Buy Buy Hold Sell/Strong 

Sell 

0 0.014 0.002 -0.001 -0.004 0.028 0.022 0.002 -0.005 

3 0.028 0.006 -0.007 -0.004 0.049 0.026 0.001 -0.010 

10 0.029 0.002 -0.013 -0.008 0.046 0.015 -0.013 -0.019 

20 0.020 -0.008 -0.023 -0.022 0.034 0.003 -0.027 -0.037 

30 0.005 -0.024 -0.034 -0.031 0.018 -0.002 -0.038 -0.052 

40 -0.010 -0.036 -0.043 -0.038 0.008 -0.019 -0.044 -0.063 

50 -0.023 -0.042 -0.047 -0.044 0.008 -0.025 -0.052 -0.068 

 

Figure 13: Average Industry-adjusted CAR for Recommendation Ratings by Different 
Sized Brokers 

This table presents industry adjusted cumulative abnormal returns of the recommendations by different sized brokers in the 

sample. CAR is adjusted by value weighted industry performance and is measured over [0, 50] days from recommendation day. 

 
 

CAR of the recommendation ratings by different sized brokers demonstrate the 

similar pattern of the CAR by all brokers. By comparison of CAR by different sized 

brokers, we can large brokers demonstrate higher CAR of strong buy and buy, lower 

CAR of hold and sell/strong sell than small brokers. Same conclusion we can draw 

that analyst recommendations do have investment value on the market, bigger brokers 

have more influence than small ones.  

II. Regression Analysis of CAR of Strong Buy Rating by Large 

Brokers 
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Existing literature examines the market reaction to the analyst recommendation 

and finds that the analyst recommendation leads to market reaction significantly. 

Some literature provides the evidence that market reaction depends on the year and 

reputation of the brokers, such as Barber (2001)1 and industry Boni (2004)2. To find 

out the factors on the market reaction, researchers adopt comparative method through 

examining the cumulative abnormal return between two categories, just like the 

methods we use in prior part of this research.  

To find out the factors affecting market reaction to the analyst recommendations 

by controlling other variables, we employ the regression analysis which has seldom 

been used in this research area. Loh (2008) is the only one we found that adopts the 

regression analysis when he examines the relationship between investor inattention 

and the underreaction to stock recommendations.  

In this section, we estimate a regression of market-adjusted CARs against 

multiple variables. According to the prior findings of the research, analyst 

recommendations by large brokers have a strong market reaction. We will focus on 

the market reactions to those recommendations by large brokers. 

   As we find in previous part that the cumulative abnormal return depends on 

company size, broker’s size, and industry. We use logarithm of total asset of company 

to represent the variable for company size. A dummy variable is used to distinguish 

big and small broker. For industry variable, we use a dummy variable based on 

whether it is financials. One reason is that Financials is a large and very important 

sector, thus always the main focus for analysts and investors in China market. Also, 

Financials has more visible estimated earnings and is usually forecasted correctly by 

analysts. As seen in Table 8, Financials has a high and sustainable CAR. We include 

this dummy variable to see if Financials has a higher CAR than others. 

  Another variable we include is the ownership structure. We use the percentage of 

shares held by financial institutions, including Fund Management Company, 

Securities Company and Insurance Company. It is widely believed that the 

institutional investor is more rational and value oriented. Based on this principle, 

enlarging institutional investors has been an important measure for Chinese 

government to promote the development of China’s stock market. Financial 

institutions are seen as professional investors. We include percentage of shares held 

                                                   
1  
2  
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by financial institutions to see if these financial investors really help to stabilize the 

stock price. This result can provide empirical support for measure to enlarge the 

institutional investors. 

 
Table 16: Regression of Market-adjusted CAR of Strong Buy Rating on Multiple 

Variables 
Market-adjusted CARs of “Strong Buy” rating are regressed on multiple variables. Each column represents the one of 

regressions on CARs calculated in different event windows, from [0, 1] to [0, 50]. The regression equation is   

CAR=a + b1*size + b2*large_ibank1 + b3*inst + b4*(ind=financials) + e 

 

Size= log (total asset of the company), Large_ibank1= 1 if the broker is a large broker defined earlier in the research; h=1, if the 

stock is duel listed as H share. Inst is the percentage of the share owned by financial institutions, ind=financials=1, if the stock is 

from financial sector. Sample data are from wind info in the sample period of Apr 8, 2004-Oct 31, 2007. The regression is 

estimated by OLS with the standard errors clustered by calendar day. *, **, and *** respectively denote statistical significance at 

the 10%, 5%, or 1% levels with the associated t-statistics in parentheses below the estimates. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 CAR[0,1] CAR[0,2] CAR[0,3] CAR[0,4] CAR[0,5] CAR[0,10] CAR[0,20] CAR[0,30] CAR[0,

size 0.0174 0.0169 0.0182 0.0187 0.0179 0.0214 0.0300 0.0357 0.0390

 (1.9783)** (1.8522)* (1.9731)** (2.0839)** (1.9837)** (2.3079)** (2.7374)*** (2.8424)*** (3.0030)***

large_ibank1 0.0327 0.0342 0.0436 0.0340 0.0350 0.0529 0.0784 0.0683 0.0724

 (1.7857)* (1.7938)* (2.2669)** (1.8177)* (1.8579)* (2.7365)*** (3.4006)*** (2.5725)** (2.6340)***

h 0.0234 0.0122 0.0137 0.0023 0.0002 0.0088 0.0262 0.0705 0.0438

 (0.6124) (0.3051) (0.3405) (0.0593) (0.0052) (0.2186) (0.5492) (1.2515) (0.7576)

inst -0.1351 -0.1312 -0.1152 -0.1057 -0.0980 -0.0711 -0.0884 -0.1015 -0.0820

 (2.8037)*** (2.6154)*** (2.2744)** (2.1443)** (1.9769)** (1.3962) (1.4526) (1.4323) (1.1137)

ind==financials 0.0128 0.0157 0.0063 0.0119 0.0206 0.0151 0.0174 0.0114 0.0297

 (0.4476) (0.5253) (0.2085) (0.4073) (0.6981) (0.4980) (0.4860) (0.2812) (0.7172)

Constant -0.3346 -0.3210 -0.3546 -0.3629 -0.3492 -0.4488 -0.6591 -0.7856 -0.8746

 (1.7571)* (1.6186) (1.7713)* (1.8626)* (1.7822)* (2.2297)** (2.7755)*** (2.8979)*** (3.1241)***

Observations 949 949 949 948 948 948 864 808 774 

Adjusted 

R-squared 

0.0099 0.0081 0.0083 0.0059 0.0057 0.0101 0.0195 0.0200 0.0221

  

 

Table 16 reports regression results of the market-adjusted CARs of “Strong Buy” 

rating are regressed on multiple variables. The regression equation is following, 

 

CAR=a + b1*size + b2*large_ibank1 + b3*inst + b4*(ind=financials) + e 

 

Where, Size=log (company asset), Large_ibank1= 1 if the broker is a large broker 

defined earlier in the research; h=1, if the stock is duel listed as H share. Inst is the 
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percentage of the share owned by financial institutions, ind=financials=1, if the stock 

is from financial sector. Sample data are from wind info in the sample period of Apr 8, 

2004-Oct 31, 2007.   

A series of regressions of CAR in different windows are reported in the table. The 

positive and significant coefficients for company size among all the regressions reveal 

that bigger companies react stronger to the strong buy rating than small companies. 

The increasing coefficients indicate that this effect is more apparent in the longer term. 

The positive and significant coefficients for large_ibank1 show that large brokers 

have bigger influence on the market than small ones. Insignificant coefficients of the 

A+H shares indicate that there is no difference of reaction between A share and A+H 

shares. Financial sector has no significant difference of reaction to strong buy than 

other sectors. A very meaningful result is that ownership structure does have impact 

on the market from the significant coefficients in short term less than 5 days. The 

negative sign shows that the company with more shares owned by institutional 

investors react less to the strong buy rating than others. This implies that institutional 

investors are a force on the stability of the market. This evidence provides empirical 

support for the Chinese government policy to enlarge the institutional investor team 

over past years.  

 

Table 17: Regression of Market-adjusted CAR of Buy Rating on Multiple Variables 
Market-adjusted CARs of “Buy” rating are regressed on multiple variables. Each column represents the one of regressions on 

CARs calculated in different event windows, from [0, 1] to [0, 50]. The regression equation is   

            CAR=a + b1*size + b2*large_ibank1 + b3*inst + b4*(ind=financials) + e 

Size=log (total asset of the company), Large_ibank1= 1 if the broker is a large broker defined earlier in the research; h=1, if the 

stock is duel listed as H share. Inst is the percentage of the share owned by financial institutions, ind=financials=1, if the stock is 

from financial sector. Sample data are from wind info in the sample period of Apr 8, 2004-Oct 31, 2007. The regression is 

estimated by OLS with the standard errors clustered by calendar day. *, **, and *** respectively denote statistical significance at 

the 10%, 5%, or 1% levels with the associated t-statistics in parentheses below the estimates. 

 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 CAR[0,1] CAR[0,2] CAR[0,3] CAR[0,4] CAR[0,5] CAR[0,10] CAR[0,20] CAR[0,30] CAR[0,40

size 0.0060 0.0066 0.0080 0.0094 0.0093 0.0135 0.0137 0.0257 0.0266 

 (1.3166) (1.4012) (1.7030)* (2.0033)** (1.9629)** (2.7228)*** (2.4818)** (3.6199)*** (3.5703)***

large_ibank1 0.0148 0.0135 0.0120 0.0139 0.0130 0.0120 -0.0035 0.0059 0.0065 

 (1.5352) (1.3625) (1.2105) (1.4032) (1.3068) (1.1496) (0.3041) (0.3952) (0.4188)

h -0.0261 -0.0241 -0.0234 -0.0271 -0.0216 -0.0125 -0.0145 -0.0301 -0.0140 

 (1.1513) (1.0363) (1.0031) (1.1617) (0.9221) (0.5076) (0.5250) (0.8411) (0.3677)

inst -0.0711 -0.0699 -0.0663 -0.0640 -0.0657 -0.0704 -0.0473 -0.0789 -0.0605 

1719



 (2.8126)*** (2.6985)*** (2.5505)** (2.4685)** (2.5174)** (2.5704)** (1.5698) (2.0164)** (1.4727)

ind==金融 0.0469 0.0448 0.0366 0.0361 0.0343 0.0101 0.0025 0.0157 0.0187 

 (2.6940)*** (2.5170)** (2.0476)** (2.0195)** (1.9080)* (0.5351) (0.1174) (0.5797) (0.6635)

Constant -0.1064 -0.1173 -0.1481 -0.1820 -0.1772 -0.2696 -0.2722 -0.5426 -0.5776 

 (1.0735) (1.1554) (1.4527) (1.7894)* (1.7312)* (2.5081)** (2.2870)** (3.5345)*** (3.5875)***

Observations 2019 2019 2019 2019 2019 2015 1917 1854 1802 

Adjusted 

R-squared 

0.0080 0.0066 0.0047 0.0049 0.0044 0.0030 0.0011 0.0055 0.0066 

   

 

Table 17 reports the regression of market-adjusted CAR for Buy rating on 

variables. We see the same effect pattern as strong buy.  

   We also do cross-sectional regression of market-adjusted CAR on multiple 

variables, including strong buy rating, buy, size, larg_ibank1, h, inst, ind=Financial.  

Table 18 reports the cross-sectional regressions. Significant and positive 

coefficients of strong buy and buy shows that both have bigger CAR than hold rating, 

which is consistent with the result in previous part. For other variables, the same 

effect pattern on the CAR is demonstrated. Bigger companies react stronger to the 

strong buy rating than small companies. Large brokers have bigger influence on the 

market than small ones. There is no difference of reaction between A share and A+H 

shares. Financial sector has no significant difference of reaction to strong buy than 

other sectors. The company with more shares owned by institutional investors react 

less to the strong buy rating than others in short term.  

 

Table 18: Cross-sectional Regression of Market-adjusted CAR on Multiple Variables 
This table reports the results of the Cross-sectional regression. Market-adjusted CARs of “Strong Buy” “buy” and “Hold” rating 

by large brokers are regressed on multiple variables. Each column represents the one of regressions on CARs calculated in 

different event windows, from [0, 1] to [0, 50]. The regression equation is   

         CAR=a + b1*size + b2*large_ibank1 + b3*inst + b4*(ind=financials) + e 

 

Strong Buy and Buy are dummy variables whereas Hold is the basis of comparison. Size=log (total asset of the company), 

Large_ibank1= 1 if the broker is a large broker defined earlier in the research; h=1, if the stock is duel listed as H share. Inst is 

the percentage of the share owned by financial institutions, ind=financials=1, if the stock is from financial sector. Sample data 

are from wind info in the sample period of Apr 8, 2004-Oct 31, 2007. The regression is estimated by OLS with the standard 

errors clustered by calendar day. *, **, and *** respectively denote statistical significance at the 10%, 5%, or 1% levels with the 

associated t-statistics in parentheses below the estimates. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

 CAR[0,1] CAR[0,2] CAR[0,3] CAR[0,4] CAR[0,5] CAR[0,10] CAR[0,20] CAR[0,30] CAR[0,40]

Strong Buy 0.0378 0.0438 0.0490 0.0496 0.0499 0.0505 0.0489 0.0399 0.0353
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 (4.5634)*** (5.1077)*** (5.6614)*** (5.7800)*** (5.7661)*** (5.5701)*** (4.6860)*** (3.1184)*** (2.5869)***

Buy 0.0187 0.0201 0.0214 0.0209 0.0227 0.0236 0.0239 0.0213 0.0155

 (2.7586)*** (2.8633)*** (3.0152)*** (2.9701)*** (3.1964)*** (3.1784)*** (2.8347)*** (2.0884)** (1.4348)

size 0.0065 0.0065 0.0070 0.0076 0.0069 0.0099 0.0129 0.0230 0.0224

 (2.2330)** (2.1556)** (2.3264)** (2.5248)** (2.2834)** (3.1357)*** (3.5309)*** (5.1187)*** (4.6838)***

large_ibank1 0.0179 0.0185 0.0202 0.0195 0.0193 0.0210 0.0168 0.0200 0.0244

 (2.8832)*** (2.8804)*** (3.1044)*** (3.0303)*** (2.9723)*** (3.0924)*** (2.1561)** (2.0936)** (2.4053)**

h -0.0038 -0.0054 -0.0022 -0.0070 -0.0038 0.0021 0.0048 0.0010 0.0152

 (0.2721) (0.3721) (0.1507) (0.4820) (0.2552) (0.1384) (0.2681) (0.0473) (0.6410)

inst -0.0625 -0.0574 -0.0493 -0.0449 -0.0451 -0.0366 -0.0265 -0.0434 -0.0108

 (3.8594)*** (3.4285)*** (2.9176)*** (2.6785)*** (2.6630)*** (2.0654)** (1.3028) (1.7355)* (0.4051)

ind==金融 0.0229 0.0213 0.0141 0.0156 0.0181 0.0043 0.0061 0.0142 0.0263

 (2.0818)** (1.8736)* (1.2224) (1.3743) (1.5707) (0.3584) (0.4362) (0.8348) (1.4561)

Constant -0.1386 -0.1406 -0.1566 -0.1699 -0.1561 -0.2284 -0.2994 -0.5223 -0.5252

 (2.2162)** (2.1732)** (2.3963)** (2.6226)*** (2.3871)** (3.3357)*** (3.7856)*** (5.4011)*** (5.0985)***

Observations 4411 4411 4410 4409 4409 4404 4186 4045 3943

Adjusted 

R-squared 

0.0099 0.0101 0.0107 0.0111 0.0109 0.0109 0.0098 0.0116 0.0130

 

III. Turnover rate changes around the recommendation 

So far, we focus our research on the price reaction to the analyst 

recommendations. In this section, we are going to examine the changes of trading 

volume around the analyst recommendations.  

Womack (1996) reports that average abnormal trading volume on the 

recommendation date is about 190 percent of normal for added-to-buy and 300 

percent of normal for added-to-sell recommendation changes by using the normal 

trading volume of the average volume from 60 trading days before and after the event 

in the US stock market. Jegadeesh (2004) finds that abnormal trading volume is 

significant on three days around event day in G73 countries except Italy. The U.S. 

stocks see the largest increase in the trading volume around recommendation changes. 

The normal volume is calculated by the average volume from 20 trading days before 

and after the recommendation day in the research. We follow this calculation method 

as follows: 

Abnormal volume, AV, for each firm in the sample is calculated as a ratio of the 

volume, Vt, for each relative event day to the average volume from 20 trading days 
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before and after the recommendation date, excluding date -1, 0, +1. 
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The mean abnormal volume for different recommendation ratings is again 

calculated as the mean of individual firm abnormal volumes for each event window. 
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Table 19 reports the abnormal trading volume for different recommendation 

rating by all brokers. Figure 14 plots the abnormal trading volume. We see a 

significant increase in abnormal trading volume on three days from -1 to +1 of the 

recommendation day with all five ratings. Recommendation day experiences the 

highest trading volume in the surrounding period from -10 to +10 day. The abnormal 

trading volume on that day are 130 percent, 129 percent, 120 percent and 133 percent 

for strong buy, buy, hold, sell/strong sell, respectively. It is not unexpected that the 

magnitude of trading volume rise depends on the recommendation level. “Strong 

Buy” and “Sell/Strong” see the largest abnormal trading volumes. “Hold” experiences 

the least. That means market reacts to the analyst recommendations not only in price 

but also in trading volume.  

 

Table 19: Average Abnormal Trading Volume around Recommendation 
This table represents the average abnormal trading volumes of stocks with different recommendation ratings for 21 days centered 

on the recommendation day (t= 0). For each recommendation, abnormal volume at date t is the relative magnitude of volume at 

date t compared to average volume from date -20 to date +20, excluding date -1, 0, +1. The recommendations are made by all the 

brokers in the sample.  

 Time  Strong Buy Buy Hold Sell/Strong Sell 

-10 1.0578 0.9963 1.025 0.9758 

-9 1.0537 1.0086 1.0414 0.8774 

-8 1.0209 0.9799 1.0496 0.8897 

-7 0.9758 0.984 1.0455 0.9922 

-6 0.943 0.9799 1.0209 0.9922 

-5 0.984 0.9881 1.0168 0.861 
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-4 0.9512 0.9635 1.0373 0.9758 

-3 0.9512 0.9881 0.9963 0.9676 

-2 0.9758 1.0127 1.0537 1.0127 

-1 1.0086 1.0701 1.066 1.2464 

0 1.2997 1.2915 1.2013 1.3284 

1 1.2628 1.2177 1.1029 1.2054 

2 1.148 1.1111 1.107 1.148 

3 1.1357 1.0865 1.0209 1.0373 

4 1.0537 1.066 1.0209 1.0865 

5 1.0783 1.0824 1.0168 1.2013 

6 1.0947 1.0496 1.0004 1.1234 

7 1.0578 1.0209 1.0045 1.0865 

8 1.0414 1.0086 1.0332 1.0496 

9 0.9799 0.9963 0.9963 0.9881 

10 0.9676 0.9553 0.9799 0.9676 

 
Figure 14: Average Abnormal Trading Volume around Recommendation 

This figure represents the average abnormal trading volumes of stocks with different recommendation ratings for 21 days 

centered on the recommendation day (t= 0). For each recommendation, abnormal volume at date t is the relative magnitude of 

volume at date t compared to average volume from date -20 to date +20, excluding date -1, 0, +1. The recommendations are 

made by all the brokers in the sample.  

 
 

To further examine the trading effect of the analyst recommendations, we 

calculated the abnormal trading volume by different sized brokers. Table 20 and 

Figure 15 present the abnormal trading volume by large brokers. Clearly, we see the 

similar pattern as the abnormal trading volume by all the brokers, but a larger 

magnitude, 140 percent, 138 percent, 122 percent and 144 percent for strong buy, buy, 

hold, sell/strong sell, respectively.  
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Table 20: Average Abnormal Trading Volume around Recommendation by Large 
Brokers 

This table represents the average abnormal trading volumes of stocks with different recommendation ratings for 21 days centered 

on the recommendation day (t= 0). For each recommendation, abnormal volume at date t is the relative magnitude of volume at 

date t compared to average volume from date -20 to date +20, excluding date -1, 0, +1. The recommendations are made by large 

brokers in the sample.  

Time  Strong Buy Buy Hold Sell/Strong Sell 

-10 1.0414 0.9676 1.0168 0.9676 

-9 1.0127 0.9963 1.0537 0.8036 

-8 0.9717 0.9676 1.0824 0.8528 

-7 0.9348 0.9717 1.066 0.9922 

-6 0.8897 0.9512 1.0373 0.9471 

-5 0.9348 0.9594 1.025 0.861 

-4 0.9266 0.9512 1.0291 0.9061 

-3 0.9225 0.9676 0.9963 0.9389 

-2 0.9553 1.0127 1.0578 1.0414 

-1 1.0127 1.0988 1.0783 1.271 

0 1.4186 1.3776 1.2218 1.4391 

1 1.3694 1.2669 1.1398 1.3202 

2 1.1972 1.1275 1.1275 1.271 

3 1.2177 1.0824 1.0332 1.066 

4 1.0783 1.0824 1.0127 1.107 

5 1.0742 1.1111 1.0455 1.2751 

6 1.0742 1.066 1.0127 1.1316 

7 1.0373 1.0291 0.9881 1.0865 

8 1.0496 1.0045 1.0291 0.9635 

9 0.9717 0.984 0.9635 0.8897 

10 0.9717 0.943 0.9266 0.9512 

 

 

Figure 15: Average Abnormal Trading Volume around Recommendation by Large 
Brokers 

This figure represents the average abnormal trading volumes of stocks with different recommendation ratings for 21 days 

centered on the recommendation day (t= 0). For each recommendation, abnormal volume at date t is the relative magnitude of 

volume at date t compared to average volume from date -20 to date +20, excluding date -1, 0, +1. The recommendations are 

made by large brokers in the sample.  
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Table 21 and Figure 16 present the abnormal trading volume by small brokers. It 

is not surprising that we do not see the similar pattern of the abnormal trading volume 

to those by all the brokers or by large brokers, except a slight increase in abnormal 

volume in the recommendation day.  

 

Table 21: Average Abnormal Trading Volume around Recommendation by Small 
Brokers 

This table represents the average abnormal trading volumes of stocks with different recommendation ratings for 21 days centered 

on the recommendation day (t= 0). For each recommendation, abnormal volume at date t is the relative magnitude of volume at 

date t compared to average volume from date -20 to date +20, excluding date -1, 0, +1. The recommendations are made by small 

brokers in the sample.  

 

Time  Strong Buy Buy Hold Sell/Strong Sell 

-10 1.0824 1.0373 1.0373 0.984 

-9 1.1234 1.0291 1.0209 0.984 

-8 1.0947 0.9963 0.9963 0.9471 

-7 1.0496 0.9963 1.0127 0.9922 

-6 1.0291 1.0209 0.9963 1.0537 

-5 1.0619 1.0291 0.9963 0.861 

-4 0.9922 0.9799 1.0496 1.0742 

-3 1.0045 1.0168 0.9963 1.0127 

-2 1.0127 1.0127 1.0496 0.9717 

-1 1.0045 1.0291 1.0455 1.2054 

0 1.1029 1.1603 1.1644 1.1685 

1 1.0906 1.1398 1.0414 1.0373 

2 1.0619 1.0865 1.0701 0.9676 

3 1.0004 1.0906 1.0004 0.9922 
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4 1.0086 1.0414 1.0373 1.0537 

5 1.0824 1.0455 0.9635 1.0947 

6 1.1275 1.025 0.9717 1.1111 

7 1.0988 1.0045 1.0291 1.0824 

8 1.0291 1.0168 1.0414 1.1726 

9 0.9963 1.0209 1.0578 1.1357 

10 0.9635 0.9717 1.0783 0.9881 

 

Figure 16: Average Abnormal Trading Volume around Recommendation by Small 
Brokers 

This figure represents the average abnormal trading volumes of stocks with different recommendation ratings for 21 days 

centered on the recommendation day (t= 0). For each recommendation, abnormal volume at date t is the relative magnitude of 

volume at date t compared to average volume from date -20 to date +20, excluding date -1, 0, +1. The recommendations are 

made by small brokers in the sample.  

 

 
 

The analysis above leads to a conclusion that market reacts to the analyst 

recommendations in trading volume significantly as a whole. The magnitude of the 

trading reaction depends on the recommendation level. Recommendations by large 

brokers dominate the trading reaction, while those by small brokers contribute little. 

Again, large brokers have more influence on the market. 

Conclusion 

Through analysis market reaction to analyst recommendations in China, we find 

that analyst recommendations have impact on the market. Main findings are 

summarized as follows: 
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(1) Analyst recommendations in China carry information to the market;  

(2) Stock prices rise significantly following strong buy recommendations, 

especially when this recommendation is distributed from large brokerage firms;  

(3) This reaction depends upon the firm’s listing size, ownership structure and 

industry;  

(4) The reaction after a strong buy is statistically and economically significant, 

both in the short run and in the long run; 

(5) Regression analysis confirms the above findings, after controlling for different 

co-factors;    

(6) Market behaviors differently to recommendation in different market trends; 

(7) Trading volume increases significantly around the strong buy recommendation 

date. 

   This research contributes to the literature from the following dimensions: (1) 

provides fresh evidence on analyst research from the largest developing country of 

China; (2) extends the research into a new direction, examining the independent 

factors with impact on the reaction of the market to the analyst recommendations. 
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1. Introduction

Standardized event study tests by Patell (1976) and Boehmer, Musumeci,

and Poulsen (BMP) (1991) have gained popularity over conventional non-

standardized tests in testing abnormal security price performance due to

their better power properties. Harrington and Shrider (2007) find that in

short-horizon tests on mean abnormal returns one should always use tests

that are robust against cross-sectional variation in the true abnormal re-

turn [see Harrington and Shrider (2007)]. They find that that the BMP

t-statistic is a good candidate for a robust, parametric test in conventional

event studies.2 Corrado (1989) [and Corrado and Zivney (1992)] introduced

a nonparametric rank test based on standardized returns, which has proven

to have very competitive, often superior, power properties over parametric

tests when testing for one-day abnormal returns [e.g. Corrado (1989), Cor-

rado and Zivney (1992), Cowan (1992), Campbell and Wasley (1993), Kolari

and Pynnonen (2008)]. Furthermore, the rank test of Corrado and Zivney

2We define conventional event studies as those focusing only on mean stock price effects.

Other types of event studies include (for example) the examination of return variance ef-

fects [Beaver (1968) and Patell (1976)], trading volume [Beaver (1968) and Campbell and

Wasley (1996)], accounting performance [Barber and Lyon (1996)], and earnings manage-

ment procedures [Dechow, Sloan, and Sweeney (1995) and Kothari, Leone, and Wasley

(2005)].
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(1992) based on event day re-standardized returns has proven to be both

robust against event-induced volatility [Campbell and Wasley (1992)] and

cross-correlation due to event day clustering [Kolari and Pynnonen (2008)].

The Patell and BMP parametric tests can be rapidly applied to testing cu-

mulative abnormal returns (CARs) over multiple day windows.3 However,

application of the rank test for testing CARs is not straightforward due to

the fact that the ranks of the (standardized) abnormal returns over different

days are dependent by construction. Thus, as shown in Luoma and Pynnonen

(2008), although over short windows the dependence might be negligible, in

longer windows the dependence accumulates and will bias downwards the

rejection rates of the simple CAR rank t-test. Luoma and Pynnonen (2008)

derived exact standard errors of the cumulative ranks and proposed easy-

to-apply corrections to the existing cumulative rank t-statistic. The current

paper contributes to existing literature by suggesting a generalized rank test

procedure which can be used for testing both CARs as well as one-day ab-

normal returns. The Corrado and Zivney (1991) test, which is developed for

testing one-day abnormal returns, is a special case of the procedure proposed

in this paper. The proposed procedure is shown to have several advantages

3With the correction suggested in Kolari and Pynnonen (2008), these tests are useful

also in the case of clustered event days.
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over existing tests. First, it is robust to the event-induced volatility. Sec-

ond, it is robust to cross-correlation due to event day clustering. Third,

it proves to have competitive, often superior power properties compared to

popular parametric tests. Fourth it avoids the under-rejection symptom of

the Corrado-Zivney rank test and some parametric tests as the CAR period

increases. Fifth, and last, it is fairly robust to autocorrelation of abnor-

mal returns.4 Robustness with respect to event-induced volatility and power

properties of the generalized rank test are demonstrated with simulation

studies based on real returns on CRSP stock returns.

The rest of the paper is organized as follows. Section 2 introduces the gener-

alized rank test. Section 3 describes the simulation design and summarizes

the most popular test statistics used in event studies against which the gen-

eralized rank test is compared with. The results are presented in Section 4.

Section 5 concludes.

4As will be shown later, the robustness stems from the re-standardization of the ab-

normal returns, which implies that the BMP-procedure should share the autocorrelation

robustness as well. This will be documented formally elsewhere.
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2. Generalized rank test

Corrado (1989) and Corrado and Zivney (1992) introduce the rank test for

testing an one-day event abnormal return. Cowan (1992) and Campbell and

Wasley (1993) use Corrado’s rank test for testing cumulative abnormal re-

turns by accumulating the respective ranks. However, this approach has

some potential shortcomings. An obvious one is the case where the cumu-

lative abnormal return is clustered on a random single day within the event

window as described in the simulation study by Brown and Warner (1985,

Section 4.3.2). This situation occurs in practice when the event day is not

exactly known, in which case returns are cumulated over an interval to cover

the actual event day. In these circumstances cumulative abnormal return

tests based on ranks may face problems in detection of the abnormal behav-

ior, especially for longer event windows. The reason is simply that, when all

the returns are transformed to rank numbers, they do not account for the

magnitudes of returns exceptvia the relative rank. Thus, if one large return

is randomly assigned to one day within the event window independently for

each stock, there is only one potentially outstanding rank for each stock that

is randomly scattered across the window. This is likely to average largely out

in the cumulative rank sum, and consequently, result in poor power proper-

ties of the test. This problem has been addressed in Cowan (1992), which our

6
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simulations confirm.It is notable, that parametric tests, such as the Patell

and BMP tests, do not suffer from this shortcoming, as they are based on

the accumulated returns over the event window, or sums, such that it does

not matter how large abnormal returns are scattered across the window.

In order to develop a non-parametric test that can be used both for testing

one-day and cumulative abnormal returns, we next introduce some necessary

notations and concepts[see Campbell, Lo, and MacKinlay (1997, Chapter

4) for an excellent discussion of event study methodology]. In forthcoming

theoretical derivations we make the following explicit assumption:

Assumption 1 Stock returns rit are weak white noise continuous random

variables with

E[rit] = µi for all t

var[rit] = σ2
i for all t

cov[rit, riu] = 0 for all t 6= u.

(1)

i = 1, . . . , n, t = 1, . . . , T .

Let day t = 0 indicate the event day, days T0 + 1, T0 + 2 . . . , T1 are the

estimation period days relative to the event day, T1+1, T1+2, . . . , T2 are event

window days, again relative to the event day (= 0). We define L1 = T1−T0 as

7
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the estimation period length, L2 = T2−T1 as the event period length, and the

combined estimation period and event period length as T = L1 + L2. Given

that ARit denotes the excess return of security i on day t after extracting

the market factors used in the abnormal return model in the event study,

standardized abnormal returns are defined as

SARit =
ARit

SARi

, (2)

where SARi
is the standard deviation of the residuals from the factor model

adjusted for the forecast error. The cumulative abnormal return of security

i over τ event days is defined as

CARiτ =

t1+τ∑
t=t1+1

ARit, (3)

with T1 ≤ t1 ≤ T2 − τ , 1 ≤ τ ≤ L2. The corresponding standardized

cumulative abnormal return (SCAR) is defined as

SCARiτ =
CARiτ

SCARiτ

, (4)

where SCARiτ
is the standard deviation of the cumulative abnormal returns

adjusted for forecast error [see Cambell, Lo, and MacKinlay (1977), Section

4.4.3].

Under the null hypothesis of no event effect both SARit and SCARiτ are

distributed with mean zero and (approximately) unit variance. We can utilize

this fact in defining our generalized rank test.
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In order to account for the possible event-induced volatility Boehmer, Muc-

umeci, and Poulsen (1991) re-standardize the SCARs with the cross-sectional

standard deviation to get re-standardized SCAR

SCAR∗
iτ =

SCARiτ

SSCAR

(5)

where

SSCAR =

√√√√ 1

n− 1

n∑
i=1

(
SCARiτ − SCARτ

)2
. (6)

is the cross-sectional standard deviation of SCARiτ s
5 and

SCARτ =
1

n

n∑
i=1

SCARiτ . (7)

Again, SCAR∗
iτ is a zero mean and unit variance random variable like other

abnormal returns. Thus, we use SCAR∗
iτ as an abnormal return and define

Generalized Standardized Abnormal Returns (GSAR) as follows:

Definition 1 The generalized standardized abnormal returns (GSAR) is de-

fined as

GSARit =





SCAR∗
iτ , for t1 + 1 ≤ t ≤ t1 + τ,

SARit, for t = T0 + 1, . . . , t1, t1 + τ + 1, . . . , T2

(8)

where SCAR∗
iτ is defined in equation (5) and SARit defined in equation (2).

5If the event days are clustered, equation (6) should be further adjusted for cross-

sectional correlation as Kolari and Pynnonen (2008)

9
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That is, the cumulated period is considered as one time point in which the

generalized standardized abnormal return, GSAR, equals the re-standardized

cumulative abnormal return defined in equation (5) and for other time points

GSAR equals the usual standardized abnormal returns defined in equation

(2).

In the next step we redefine the time indexing such that the cumulative

abnormal return period (CAR-period of length τ) as a whole is squeezed into

one observation with time index t = 0, called the cumulative event day. In

this new indexing approach the day index for the first observation before

the cumulative period becomes t = −1 and the day after (if any) becomes

t = +1, and so forth. However, in order to simplify notations we continue

to use T0 + 1 and T2, respectively, as generic symbols for the first and last

observations relative to the cumulative event day t = 0. The total number of

the combined event and estimation period observations reduces in the ranking

to T ′ = T − τ + 1, which we call the adjusted number of observations.

With these conventions, the standardized ranks are defined as:

Definition 2 The standardzed ranks of the generalized standardized abnor-

10
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mal returns are defined as

Kit = Rank(GSARit)/(T
′ + 1), (9)

i = 1, . . . , n, t = T0 + 1, . . . , T2, where T0 + 1 and T2 are the first and

last observation relative to the cumulative event day t = 0, T ′ = T2 − T0

(= T − τ + 1) is the adjusted number of observations equal to the number of

generalized standardized abnormal returns defined in equation (8), and τ is

the CAR-period length.

Given that Ki0 indicates the standardized rank related to the cumulative

abnormal return, under the null hypothesis of no mean event effect

E [Ki0] =
1

2
. (10)

With these results, we can define a single t-ratio that can be used for testing

either cumulative abnormal returns or a single day abnormal returns.

Definition 3 Given the null hypothesis of no mean event effect

H0 : µτ = 0, (11)

where µτ = E [CARτ ] is the expected value of the cumulative abnormal re-

turns over the period of length τ , the generalized rank (GRANK) t-statistic

11
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is defined as

tgrank =
K̄0 − 1/2

SK

, (12)

where

SK =

√√√√ 1

T ′

T2∑
t=T0+1

nt

n

(
K̄t − 1

2

)2

, (13)

K̄t =
1

nt

nt∑
i=1

Kit (14)

with nt the number of valid generalized standardized abnormal returns, GSARit

available at time point t, t = T0 +1, . . . , T2, T ′ = T2−T0 is the adjusted num-

ber of observations in the combined estimation and event period, and K̄0 is

the mean K̄t for t = 0, the CAR-period standardized rank.

Due to the Central Limit Theorem, the t-statistic in equation (12) is asymp-

totically N(0, 1) distributed under the null hypothesis of (11).

The ranking procedure based on the GSAR-returns, defined in equation (8),

with the rank t-ratio in equation (12) gives a novel non-parametric testing

procedure for cumulative abnormal returns with several desirable properties.

First, as noted above, the procedure captures simultaneously testing for sin-

gle abnormal returns and cumulative abnormal returns. Second, because the

test is based on an equally weighted portfolio of standardized ranks, it is

robust against cross-sectional correlation, which is an issue with clustered

12
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event days [e.g. Kolari and Pynnonen (2008) and references therein]. Third,

the test procedure is robust against event-induced volatility due to the re-

standardization of the GSARs by the cross-sectional variance on the event

days. Fourth, the procedure takes into account the random event day within

the event window, which is an obvious problem with the existing rank tests.

Fifth, the rank statistic is less sensitive to single outliers which may badly

obscure parametric t-tests. Sixth, and last, the rank test is robust to auto-

correlation.6

Remark 1 The generalized cumulative abnormal returns (GSAR) can be

used to extend the sign test in Corrado and Zivney (1992) for testing cu-

mulative abnormal returns. This can be simply achieved by defining

Git = sign [GSARit −median(GSARit)] (15)

where sign(x) is equal to +1, 0, −1 as x is > 0, = 0, or < 0, and then using

these signed values to define the Corrado-Zivney sign test statistic T4.

We next comparatively examine the the empirical behavior of our generalized

rank test procedure relative to the most popular parametric tests of Patell

6Assuming that all return series have equally many observations, it is straightforward

to verify that E[S2
K ] = var[K̄0]. Thus, there is no autocorrelation bias in the standard

error estimate SK of of K̄0 (see also Remark 2 below).
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(1987) and BMP (1991), as well as the non-parametric rank test of Corrado-

Zivney (1992) with which our test coincides in the case of testing single

abnormal returns.
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3. Simulation Design

In this section we employ a simulation methods using actual return data to

investigate the empirical behavior of the generalized rank test introduced in

Section 2 for testing cumulative abnormal return and compare the results

with the the most popular parametric tests, including the ordinary t-test,

Patell (1987) t-test, BMP (1991) t-test, and the Corrado-Zivney (1992) rank

test.

3.1 Abnormal Return Model

The abnormal behavior of security returns can be estimated via the market

rit = αi + βirmt + εit, (16)

where ri is the return of stock i, rm is the index return of value-weighted

CRSP stocks, and εi is is a white noise random component, uncorrelated

with rm.

The resulting abnormal returns are obtained as differences of realized and

predicted returns on day t in the event period,

ARit = rit −
(
α̂i + β̂irmt

)
(17)

where the parameters are estimated from the estimation period with ordinary

15
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least squares.

3.2 Test Statistics

The ordinary t-test (ORDIN) is defined as

tordin =
CARτ

s.e(CARτ )
, (18)

where

CARτ =
1

n

n∑
i=1

CARiτ , (19)

and s.e(CARτ ) is the standard error of the average cumulative abnormal

return CARτ , which is adjusted with the prediction error [see e.g. Campbell,

Lo and MacKinlay (1997), Sec 4.4.3].

The Patell (1987) test statistic (PATELL) is

tpatell =

√
n× (L1 − p− 3)

L1 − p− 1
SCARτ , (20)

where n is the number of cross-section observations, L1 is the length of the

estimation period, p is the number of explanatory variables in the abnor-

mal return regression, and SCARτ is the average standardized cumulative

abnormal return defined in equation (7).
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The Boehmer, Mucumesi, and Poulsen (1992) test statistic (BMP) is

tbmp =
SCARτ

√
n

SSCAR

, (21)

where SSCAR is the cross-sectional standard deviation of SCARs defined in

equation (6).

The Corrado-Zivney (1992) test statistic is based on the standardized ranks

Uit = rank(SAR∗
it)/(Ti + 1), (22)

in which Ti is the length of the time series of return series i and

SAR∗
it =





SARit, for t 6= 0

SARit

SSAR

, for t = 0,

(23)

with

SSAR =

√√√√ 1

n− 1

n∑
i=1

(
SARi0 − SAR

)2
(24)

the standard deviation of the event day standardized abnormal returns, and

SAR is the average standardized abnormal return on the event day.

The Corrado and Zivney (1992) test statistic (CZ) test is

tcz =
Ū0 − 1/2

SŪ

, (25)

where

Ūt =
1

nt

nt∑
i=1

Uit, (26)
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Ū0 is the event day average (t = 0), and

SŪ =

√√√√ 1

T

T2∑
t=T0+1

nt

n

(
Ūt − 1

2

)2

(27)

is the standard error of Ū0, and nt number of valid returns on day t. It is

notable that in the CZ test the standard deviation uses both the estimation

period and event period observations.

Corrado and Zivney (1992) introduce their statistic only for testing a single

event day return. In order to test mean return on event windows longer than

one day Cowan (1992) and Campbell and Wasley (1993) suggest simply to

aggregate the ranks over the window and use the t-ratio (CUM RANK)

tcumrank,τ =

(
Ūτ − τ/2

)
√

τSŪ

, (28)

where

Ūτ =

t1+τ∑
t=t1+1

Ūt (29)

is the sum of average ranks over the CAR-period T1 + 1 ≤ t1 ≤ t1 + τ ≤ T2

with the indexing conventions of Section 2. As discussed above, the major

shortcoming of this test is poor power properties when the abnormal return

is randomly assigned to one day within the event event window [see also

Cowan (1992), pp. 14–15].7

7Campbell and Wasley (1993) use the Corrado’s (1989) non-standardized ranks.
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Remark 2 Unlike GRANK defined in equation (12), CUM RANK is biased

by autocorrelation, part of which comes from the technical negative autocor-

relation due to ranking. The biasedness can be seen as follows. Assuming

again that the returns are cross-sectionally uncorrelated and that there are

equally many observation in each return series (nt = n for all t), then using

straightforward algebra

var[Ūτ ] =
σ2

U

n
ι′τΩτ ιτ , (30)

where σ2
U = var[Uit],

8 ιτ is a τ -vector of ones, and Ωτ is the τ × τ average

autocorrelation matrix of the individual ranks Ui,t1+1, Ui,t1+2, . . . , Ui,t1+τ over

the CAR-period, i = 1, . . . , n. On the other hand, again using straightforward

algebra, the expected value of the variance estimator τS2
Ū

of var[Ūτ ] derived

from equation (27) and utilized in the CUM RANK t-statistic (28) becomes

τE[S2
Ū ] =

σ2
U

n
τ, (31)

which coincides with equation (30) if Ωτ is an identity matrix, i.e., when there

is no autocorrelation. Thus, τS2
Ū

is a biased estimator of var[Ūτ ]. In partic-

ular, negative autocorrelation implies under-estimation of the true variance

and hence under-rejection of the null hypothesis and loss of power.

8Under the null hypothesis of no event effect, the (standardized) ranks are discrete

uniform distributed. The variance of the non-standardized ranks is (T 2 − 1)/12, and

hence the variance of the standardized ranks becomes σ2
U = (T − 1)/[12(T + 1)] ≈ 1/12.

The crucial point here is that they are the same for all series.
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3.3 Sample constructions

We follow the simulation design introduced in Brown and Warner (1985).

From the CRSP database we select 1,000 samples of n = 50 return series

with replacement. A random event day is assigned for each sample. The

database includes 17,878 daily return series in the sample period January 2,

1990 to December 31, 2005.

The event day is denoted as day ”0”, and the event window consists ±10

days around the day ”0”. We report the results for event day t = 0 ab-

normal return AR(0) and for cumulative abnormal returns CAR(−1, +1),

CAR(−5, +5), and CAR(−10, +10).

The estimation period is comprised of 239 days prior to the event period (i.e.,

days −249 to −11). In order for a return series to be included, no missing

returns are allowed in the last 30 days from −19 to +10.

We also investigate event-induced volatility effects on the test statistics.

Charest (1978), Mikkelson (1981), Penman (1982), and Rosenstein and Wy-

att (1990) have found that the event period standard deviation is about 1.2

to 1.5 times the estimation period standard deviation (i.e., 20 to 50 per-
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cent increased volatility). Accordingly, we indroduce increased volatility by

multiplying the cumulated event period returns by a factor
√

c, with values

c = 1 for no event induced volatility, c = 1.5 for an approximate 20 percent

increased volatility (i.e.,
√

1.5 ≈ 1.2), c = 2.0 for an approximate 40 per-

cent increased volatility (i.e.,
√

2.0 ≈ 1.4), and c = 3.0 for an approximate

70 percent increased volatility (i.e.,
√

3 ≈ 1.7) due to the event effect. To

add more realism we generate the volatility factors c for each stock based on

the following uniform distributions U [1, 2], U [1.5, 2.5], or U [2.5, 3.5], respec-

tively, yielding on average the variance effects of 1.5, 2.0, and 3.0. For the

no volatility effect experiment we fix c = 1.0

The power properties of the tests are investigated by using a single random

event day and assigning a fixed abnormal return to the event window return.

Depending on the length of the accumulation period in the CAR, we generate

fixed abnormal returns as follows. In the case of a single abnormal return, we

generate abnormal returns for the event day t = 0 of sizes µ1 = 0.5, µ2 = 1.0,

µ3 = 1.5, and µ4 = 2.0 percents, which we refer to as the base abnormal

returns. For the cumulative abnormal periods we use these base abnormal

returns and generate the cumulative event effects according to the length

of the period, such that the cumulative abnormal return is (1 + log τ)µi,

i = 1, . . . , 4, where τ is the number of days over which the appropriate
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cumulative return is calculated and log is the natural logarithm. Thus, for

CAR(−1, +1) we have τ = 3 and 1+ log 3 ≈ 2, whereas for CAR(−5, +5) we

have τ = 11 and 1 + log 11 ≈ 3.4, and for CAR(−10, +10) we have τ = 21

and 1 + log 21 ≈ 4.

4. Results

4.1 Rejection rates under the null hypothesis

This section discusses the rejection rates (Type I errors) of the null hypothesis

when there is no event effect. The rejection rates indicate the fractions by

which the test statistics exceed in 1,000 simulations the nominal cutoffs ±1.96

at the 5 percent level in two-sided tests.

Sample Statistics

[Table 1]

Table 1 reports sample statistics for the test statistics under the null hypoth-

esis of no event effect. Under the null hypothesis all the test statistics should

be approximately N(0, 1)-distributed. For the single abnormal return AR(0)

the means of all t-statistics are statistically close to zero. For example, the
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BMP statistic has a sample mean of -0.044, which is the largest in absolute

value, is only 1.43 standard errors below zero. However, all the CARs are

slightly negative and statistically significant, which implies that all the test

statistics are slightly negative also. The distributions of the test statistics are

generally symmetric for the most part and do not exhibit fat tails. Standard

deviations are close to their theoretical values of unity.

Rejection rates

Table 2 reports the two-sided rejection rates (Type I errors) at the 5 per-

cent level under the null hypothesis of no event mean effect. The second

column shows the results with no event induced volatility. All rejection rates

are close to the nominal rate of 0.05 for short CAR-windows of AR(0) and

CAR(−1, +1). The PATELL, BMP, and CUM RANK statistics also re-

ject close to the nominal rate for the longer CAR-windows of CAR(−5, +5)

and CAR(−10, +10), where all rates are within the approximate 99 percent

confidence interval of [0.032, 0.068]. The ORDIN and CUM RANK statisitcs

under-reject the null hypothesis for these longer CAR- windows. The general

tendency for these test statistics is that under-rejection worsens as the length

of the CAR-window increases. For the CUM RANK statistics a partial expla-

nation is that it does not account for the technical negative autocorrelation
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implied by the rank transformation.

[Table 2]

Columns 3, 4, and 5 report the rejection rates under the null hypothesis when

there is event- induced variance present. The ORDIN and PATEL statistics

over-reject as the variance increases, which is a well known outcome. At

the highest variance factor of c = 3, which corresponds to an increase in

volatility by a factor of 1.7, the Type I error rate for the ORDIN statistics is

over 0.20 and for the PATELL statisitic over 0.25. The BMP, CUM RANK,

and GRANK statistics are robust to the volatililty increase.

4.2 Power of the tests

Power results of the tests are shown in Panels A to D of Table 3 and graphi-

cally depicted in corresponding panels of Figure 1. The zero abnormal return

line (bold face) in each panel indicates the Type I error rates and replicate

the second column of Table 2 (i.e., no event-induced volatility). The remain-

der of Table 3 indicates the rejection rates for the respective (cumulative)

abnormal return in the first column.

There are two outstanding results. First, at all magnitudes of abnormal
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returns (positive or negative), test statistics based on standardized abnor-

mal returns generally have superior power over the ordinary test statistic

ORDIN, which is based on the non-standardized returns. The only excep-

tion is the CUM RANK statistic for longer CAR-windows, especially for

CAR(−10, +10) . This result is consistent with the discussion in Section 2.

That is, when the cumulative abnormal return is randomly assigned to single

days within the cumulative window, they do not show up as high in the sum-

mation. The conservative rejection rate of the CUM RANK statistic under

the null hypothesis tends to increase this effect. It should be noted, however,

that in unreported simulations we also distributed the cumulative abnormal

return evenly across the CAR-window. In this case the CUM RANK statistic

has power equal to the PATELL, BMP, and GRANK statistics.

Second, like the PATELL and BMP statistics, the generalized rank test

statistic GRANK is immune to the way the cumulative abnormal return

is distributed across the (cumulated) event window, as the ranking proce-

dure relies on the cumulative standardized abnormal returns. In addition, as

shown in Table 3 and Figure 1, the power of the GRANK statistic tends to

be consistently higher than any of the parametric test statistics.

In sum, consistent with earlier studies, the CUM RANK statistics is very
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competitive and robust relative to the parametric tests for single event days

[Corrado (1989), Corrado and Zivney (1992), Cowan (1992), Campbell and

Wasley (1993), Kolari and Pynnonen (2008)]. However, as the above sim-

ulations and the results in Cowan (1992) indicate, its usefulness for testing

cumulative abnormal returns can be problematic. Our suggested GRANK

statistic fills this gap and extends the usage of robust non-parametric rank

tests to testing cumulative abnormal returns.
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5. Conclusions

This paper has introduced a generalized rank test based on generalized stan-

dardized abnormal returns. This procedure can be used to test both single

abnormal returns as well as cumulative abnormal returns. The test is robust

to abnormal return serial correlation and event-induced volatility. Also, it

implicitly accounts the possible cross-correlation of abnormal returns, which

is an issue if event days are clustered. Simulation results show that the test

has good and often superior power relative to popular parametric tests at all

event window lengths.

Earlier studies have shown the rank test of Corrado (1989) and Corrado and

Ziwney (1993) is very competitive and robust relative to the parametric tests

for single event days [Corrado (1989), Corrado and Zivney (1992), Cowan

(1992), Cambell and Wasley (1993), Kolari and Pynnonen (2008)]. However,

its usefulness for testing cumulative abnormal returns is questionable when

the abnormal return is randomly assigned within the event window. Our

suggested GRANK test avoids these problems and provides a robust non-

parametric rank test that can be used for testing cumulative abnormal returns

with equally high power as single abnormal returns.
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Table 1. Sample statistics in event tests for 1,000 random portfolios of n = 50
securities from CRSP data base.

Test statistics Fama-French 3-factor adjusted abnormal returns.

Excess

Panel A: AR(0) Mean Median Std Skewness Kurtosis Min Max

Abnormal Return −0.020 −0.012 0.579 −0.472c 3.754c −4.265 1.926

ORDIN tordin [Eq. (18)] −0.033 −0.020 0.997 −0.475c 3.361c −7.068 3.447

PATELL tpatell [Eq. (20)] −0.030 −0.030 1.026 −0.103 0.532 −4.368 3.808

BMP tbmp [Eq. (21)] −0.044 −0.030 0.985 −0.065 0.156 −3.486 4.252

CUM RANK tcumrank [Eq. (28)] −0.009 0.014 0.977 −0.016 0.256 −3.265 3.953

GRANK tgrank [Eq. (12)] −0.009 0.014 0.977 −0.016 0.256 −3.265 3.953

Excess

Panel B: CAR(−1, +1) Mean Median Std Skewness Kurtosis Min Max

CAR(−1, +1) −0.042 −0.051 0.943 −0.171b 1.458c −4.784 3.517

ORDIN tordin [Eq. (18)] −0.043 −0.050 0.949 −0.207 1.664c −5.606 3.367

PATELL tpatell [Eq. (20)] −0.104c −0.101c 1.033 0.088 0.582c −3.595 4.056

BMP tbmp [Eq. (21)] −0.110c −0.104c 1.026 0.015 0.147 −3.416 3.570

CUM RANK tcumrank [Eq. (28)] −0.056 −0.038 0.957 −0.011 0.211 −3.261 3.895

GRANK tgcar [Eq. (12)] −0.053 −0.010 0.996 −0.027 0.196 −3.612 3.590

Excess

Panel C: CAR(−5, +5) Mean Median Std Skewness Kurtosis Min Max

CAR(−5, +5) −0.211c −0.220c 1.697 0.060 0.262 −6.201 6.231

ORDIN tordin [Eq. (18)] −0.115c −0.110c 0.871 −0.008 0.107 −2.993 3.072

PATELL tpatell [Eq. (20)] −0.172c −0.146c 0.984 −0.106 0.166 −3.392 3.403

BMP tbmp [Eq. (21)] −0.168c −0.144c 1.043 −0.017 0.229 −4.270 3.927

CUM RANK tcumrank [Eq. (28)] −0.077c −0.053 0.887 −0.044 0.040 −2.713 3.037

GRANK tgrank [Eq. (12)] −0.063 0.006 1.038 −0.091 0.206 −3.792 3.592

Excess

Panel D: CAR(−10, +10) Mean Median Std Skewness Kurtosis Min Max

CAR(−10, +10) −0.390c −0.485c 2.426 0.138 −0.027 −7.146 8.234

ORDIN tordin [Eq. (18)] −0.151c −0.167c 0.876 0.057 −0.233 −2.636 2.462

PATELL tpatell [Eq. (20)] −0.227c −0.186c 0.936 0.067 −0.127 −2.649 3.134

BMP tbmp [Eq. (21)] −0.236c −0.194c 1.014 0.114 −0.010 −2.852 3.750

CUM RANK tcumrank [Eq. (28)] −0.150c −0.154c 0.860 0.149a 0.032 −2.663 2.944

GRANK tgrank [Eq. (12)] −0.098c −0.091b 1.047 0.046 −0.058 −3.034 3.654

Rejection rates based on 1,000 simulations for portfolios of size 50 securities with estimation period of 239 days and event

period 21 days. The event day is the day 250 denoted as t = 0. Cumulative abnormal returns, CAR(−d, +d), with

d = 0, 1, 5, and 10 are cumulated around the event day. Securities from CRSP and event dates from period 1990 2005

are randomly selected with replacement. Ordinary t-test, tpatell, and tbmp are parametric tests, tcumrankr, and tgrank are

nonparametric tests. a = 10%, b = 5%, and c = 1% significant. GRANK and CUM RANK coincide for the single event

day abnormal return AR(0).
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Table 2. Rejection rates in two-tailed test at the 5 % level of the null hypoth-
esis of no mean event effects with different event windows and with different
levels of event induced volatility.

Market model abnormal returns.

Event induced volatility,
√

c σ

Test statistics c = 1.0 c = 1.5 c = 2.0 c = 3.0

Panel A: AR(0)

ORDIN tordin [Eq. (18)] 0.043 0.094 0.145 0.220

PATELL tpatell [Eq. (20)] 0.051 0.116 0.178 0.268

BMP tbmp [Eq. (21)] 0.045 0.042 0.043 0.043

CUM RANK tcumrank [Eq. (28)] 0.045 0.047 0.051 0.042

GRANK tgrank [Eq. (12)] 0.045 0.047 0.051 0.042

Panel B: CAR(−1, +1)

ORDIN tordin [Eq. (18)] 0.037 0.084 0.128 0.208

PATELL tpatell [Eq. (20)] 0.069 0.115 0.161 0.261

BMP tbmp [Eq. (21)] 0.054 0.051 0.056 0.056

CUM RANK tcumrank [Eq. (25)] 0.037 0.038 0.036 0.038

GRANK tgrank [Eq. (12)] 0.048 0.047 0.046 0.049

Panel C: CAR(−5, +5)

ORDIN tordin [Eq. (18)] 0.029 0.063 0.105 0.195

PATELL tpatell [Eq. (20)] 0.057 0.105 0.154 0.250

BMP tbmp [Eq. (21)] 0.057 0.061 0.059 0.062

CUM RANK tcumrank [Eq. (28)] 0.028 0.027 0.028 0.028

GRANK tgrank [Eq. (12)] 0.059 0.058 0.055 0.056

Panel D: CAR(−10, +10)

ORDIN tordin [Eq. (18)] 0.026 0.076 0.121 0.212

PATELL tpatell [Eq. (20)] 0.045 0.103 0.151 0.246

BMP tbmp [Eq. (21)] 0.066 0.071 0.064 0.063

CUM RANK tcumrank [Eq. (28)] 0.022 0.023 0.022 0.022

GRANK tgrank [Eq. (12)] 0.067 0.066 0.066 0.069

Rejection rates based on 1,000 simulations for portfolios of size 50 securities with estimation period of 239 days and

event period 21 days. The event day is day 250 denoted as t = 0. Cumulative abnormal returns, CAR(−d, +d), with

d = 0, 1, 5, and 10 are cumulated around the event day. Securities from CRSP and event dates from period 1990 to

2005 are randomly selected with replacement. The ordinary t-test tordin, the PATELL test tpatell, and the BMP test tbmp

are parametric tests, the CUM RANK test, tcumrank, and the GRANK test tgrank are nonparametric tests. GRANK and

CUM RANK coincide for the single event day abnormal return AR(0). The 95 percent confidence interval around the 0.05

rejection rate is [0.036, 0.064] and the respective 99 percent confidence interval is [0.032, 0.068]
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Table 3. Two-tailed average rejection rates at the 0.05 significance level
for selected test statistics sampled from 1,000 random portfolios of n = 50
securities with randomly assigned (cumulative) abnormal return on one event
day within the cumulated window.

Test statistic

Panel A: AR(0) ORDIN PATELL BMP CUM RANK GRANK

−3.0 0.998 1.000 0.999 1.000 1.000

−2.0 0.939 1.000 0.995 0.999 0.999

−1.0 0.433 0.855 0.822 0.876 0.876

−0.5 0.129 0.324 0.348 0.378 0.378

0.0 0.043 0.051 0.045 0.045 0.045

0.5 0.120 0.324 0.314 0.384 0.384

1.0 0.405 0.852 0.824 0.900 0.900

2.0 0.935 0.997 0.992 0.998 0.998

3.0 0.995 1.000 0.999 1.000 1.000

Panel B: CAR(−1, +1) ORDIN PATELL BMP CUM RANK GRANK

−4.2 0.989 1.000 0.998 0.998 0.999

−2.1 0.599 0.956 0.936 0.909 0.967

−1.0 0.173 0.498 0.514 0.475 0.544

0.0 0.037 0.069 0.054 0.037 0.048

1.0 0.161 0.405 0.439 0.471 0.506

2.1 0.552 0.935 0.910 0.929 0.968

4.2 0.986 1.000 0.996 1.000 1.000

Panel C: CAR(−5, +5) ORDIN PATELL BMP CUM RANK GRANK

−8.5 0.993 1.000 1.000 0.846 1.000

−5.1 0.793 0.996 0.995 0.742 0.995

−2.5 0.266 0.684 0.699 0.463 0.716

−0.8 0.056 0.155 0.182 0.119 0.169

0.0 0.029 0.057 0.057 0.028 0.059

0.8 0.030 0.078 0.105 0.083 0.138

2.5 0.206 0.566 0.605 0.457 0.686

5.1 0.731 0.990 0.970 0.833 0.994

8.5 0.992 1.000 0.998 0.967 0.999

Panel D: CAR(−10, +10) ORDIN PATELL BMP CUM RANK GRANK

−10.1 0.967 1.000 0.999 0.505 0.999

−6.1 0.659 0.980 0.982 0.482 0.976

−4.0 0.362 0.795 0.819 0.390 0.811

−2.0 0.114 0.329 0.376 0.205 0.347

−1.0 0.058 0.132 0.163 0.094 0.146

0.0 0.026 0.045 0.066 0.022 0.067

1.0 0.024 0.047 0.070 0.040 0.096

2.0 0.059 0.172 0.213 0.133 0.291

4.0 0.247 0.647 0.667 0.352 0.759

6.1 0.527 0.953 0.946 0.524 0.977

10.1 0.958 1.000 1.000 0.728 1.000

GRANK and CUM RANK coincide for the single event day abnormal return AR(0).
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Panel A: One Day Abnormal Returns 
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Panel B: Three Day Cumulative Abnormal Returns 
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0.0

0.2

0.4

0.6

0.8

1.0

-3.0 -2.0 -1.0 0.0 1.0 2.0 3.0

Abnormal return (%)
P

o
w

er

TRADIT

PATELL

BMP

CUM RANK

GRANK

Panel C: Eleven Day Cumulative Abnormal Returns 

[+/-5 Days around the Event Day]
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Panel D: Twenty-One Day Cumulative Abnormal Returns
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Figure 1. Estimated power functions with different CAR-windows for

ORDIN, PATELL, BMP, CUM RANK, and GEN RANK tests based on 1,000

samples of n = 50 security portfolios from the CRSP database: Significance

level is 0.05, two-sided tests, and no event-induced variance.

GRANK and CUM RANK coincide for the single event day abnormal return AR(0).
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Trading Performance of Individual, Institutional, and Foreign 

Investors: Evidence from the Stock Exchange of Thailand 

 

1. Introduction 

Though the role of domestic versus foreign investors has received significant 

attention in academic studies, the debate on whether domestic investors or foreign 

investors have information advantage is far from over. On one hand, Brennan and Cao 

(1997) indicate that a foreign investor have informational disadvantage. They argue 

that a foreign investor informational disadvantage which cause foreign investors to be 

rational trend followers, buying when the market rises and selling when it falls. Hau 

(2001), and Dvorak (2005) study model inventory on transaction-level trading 

performance. Both studies found that local investors have an informational advantage 

over foreign traders. Hau (2001) explores informational asymmetries from eight 

European countries and discovers that local traders higher trading profits in their 

trading of German stocks than other investors who located outside Germany 

specifically in non-German-speaking cities. Similarly, Dvorak (2005) investigates 

informational asymmetries using aggregate trading accounts of Indonesian data from 

the Jakarta Stock Exchange and suggests that clients of local brokerages have a short-

lived information advantage, but that clients of global brokerages are better at long 

run investment. 

Using volume-weighted average price ratio, Choe, Kho, and Stulz (2001) and 

Agarwal, Faircloth, Liu and Rhee (2007) suggest that foreign investors do not have a 

private information advantage over domestic investors. They also show that foreign 

investors purchase at importantly higher and sell at importantly lower prices than 

domestic individuals. Chan, Menkveld, and Yang (2006) investigate the investor’s 

1781



 

 2

performance by using data in China stock market to compare the information content 

of the stock trades of domestic and foreign investors in the a vector autoregressive 

model (VAR) and vector error correction model. They show that individual investors 

have information in their trading. Furthermore, Choe, Kho, and Stulz (2001) 

discovered higher proportion of buy trades than sell trades preceding large price 

movements, whereas foreigners have a higher proportion of buy trades than sell trades 

after the event. It is interesting from empirical evidence that domestic investor has 

private information about the event more than foreign investors, so domestic investor 

can trade in appropriated time trading 

On the others hand, studies have shown that domestic investors do not 

necessarily have better trade performance. This argument is supported by empirical 

evidence that foreign investors have information advantage from their expertise and 

knowledge so foreign investors usually outperform domestic investors. Grinblatt and 

Keloharju (2000) and Seasholes (2004) argue that better resources and better access to 

expertise allows foreign institutions to perform better than domestic institutions. 

Using daily data for the 16 largest Finnish stocks, Grinblatt and Keloharju (2000) 

measures the performance of foreign versus domestic investors by comparing a 

group’s tendency to buy future winning stocks and sell future losing stocks. They find 

that over a two-year period foreign investors tend to buy past winning and selling past 

losers stocks meanwhile behavior of domestic investors represent the opposite 

direction. Seasholes (2004) finds that foreign investors buy (sell) ahead of good (bad) 

earnings announcements in Taiwan while domestic investors do the opposite. 

Additional, he suggested that at least some of the increase in prices of international 

equities occurs after international investors purchase them. This implies that 

international portfolio flows appear to predict returns. 
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Froot, O’Connell, and Seasholes (2001) and Froot and Ramadorai (2001) use 

daily international portfolio flows to show that foreign investors have some ability to 

predict returns. These papers are consistent with better information and greater 

sophistication on the part of foreign investors. The examination of investor’s 

performance by using portfolio flows is the same approach in Brennan and Cao 

(1997). They examined the impact of cross-border portfolio flows using the prices of 

closed-end country funds to control for country fundamentals by using bi-variate 

vector autoregressive (VAR). Their results also indicate that regional flows are 

strongly influenced by past returns and have important forecasting power in emerging 

markets and found that foreign purchases predict not only prices in foreign markets, 

but also prices of closed-end country funds, even after controlling for closed-end fund 

purchases.  

Using 18 years of annual data, Kang and Stulz (1997) find no evidence that 

foreign investors outperform domestic investors in Japan by investigating value-

weighted returns on portfolio likewise Choe, Kho, and Stulz (2001) and Agarwal, 

Faircloth, Liu and Rhee (2007). They calculate average yearly excess returns earned 

by investors in Japan for educating difference between value-weighted returns on 

foreign portfolio and the Japanese market portfolio. From this ratio, they knew that 

foreign investors make excess return in Japan market as well as domestic investors do. 

What are differences and similarities between foreign investors and domestic 

investors?  In this paper, we compare foreign investors to both domestic institutional 

investors and domestic individuals by using highly frequency data from Thailand 

during 1999 to 2004. There is only few research in Thailand providing evidence on 

trading performance for various investor types due to lack of data. This study extends 

from previous empirical research in the several aspects such as information 
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advantage, aggressiveness behaviors of investor trading and relationship between 

investor trading and stock returns. First, to analyze the information advantage of 

investor groups in Thailand stock market, we test hypothesis on price trading. Second, 

we investigate the difference between investor behaviors in order to examine trading 

performance. Specifically, we examine the relationship between trading activities and 

stock returns by investigating the short-horizon stock returns with order imbalance 

and trading volume in each investor group.  

Our paper contributes to literature as follows. First, using the volume-

weighted average price measurement, we find that domestic investors pay less than 

foreign investors when they purchase as well as domestic investors receive more than 

foreign investors when they sell.  This finding confirms the hypothesis on information 

advantage of domestic investor.  Second, we find that domestic institutions buy at 

higher price and sell at lower price than that of individual investors. The possible 

explanations are related to more informed trading on buys than sells and the 

contrarian trading strategy of individual investors that leads them to act as liquidity 

providers to institutions. Third, we find that although foreign investors perform worse 

than domestic investors during bear market as well as when sells during the bull 

market, they tend to more liquidity stocks at better price than individual and 

institutional domestic investors during bull market. This is possibly due to the 

suggestion by Seasholes (2000), Grinblatt and Keloharju (2000) and Kamesaka and 

Wang (2005) in that foreign investors (which are also institutional investors) may 

have an advantage over domestic institutions merely because their personnel is more 

experienced, have access to more proprietary research, and do not have to concern 

about trading to fulfill political objectives or help out related companies. Lastly, the 

result shows that stock prices decrease after net intense selling of individuals while 
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stock prices are positive around foreign investor’s net intense buying. In other words, 

individuals sell stocks after price increase at peak and that intense influence price 

reversal. Once institutions and foreign investors intensively buy, the stock price 

increases. Therefore, this result is consistent with the expectation that trade of 

investors can predict subsequent returns. 

The remainder of this paper is organized as follows. Section 2 describes 

motivation and Section 3 describes data, variables and significantly methodology. The 

results of empirical analyses are presented in Section 4. Finally, conclusions based on 

empirical analyses are presented. 

 

2. Motivation and Hypotheses 

The price trading hypothesis implies that the investors who have information 

advantage on trading activities, they will trade at better price than other groups. This 

paper investigates the information advantage on foreign investors in pattern of price 

activities by calculating the volume-weighted average price ratio for each investor 

group like Choe, Kho and Stulz (2001) and Agarwal, Faircloth, Liu and Rhee (2007). 

From earlier empirical studies in Thailand, foreign investors should purchase (sell) at 

lower (higher) price than the others. This is especially important when investor intend 

to trade based on information. In addition to examine price advantage in general, we 

extend prior research by separating trades into purchase and sell in bull versus bear 

markets. Keim and Madhavan (1996) suggest that the reason for asymmetric price 

response is that purchases, which create new long positions, are more likely to be 

based on private information. By contrast, when an institution already has a long 

position in the stock, market participants can estimate when that particular stock has 

met the institution’s target return requirement or is included in its sell list for other 
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liquidity based reasons. Chan and Lakonishok (1993) give a similar argument. Since 

an institutional investor typically has limited alternatives among its current portfolio 

to sell an issue, such a decision does not necessarily convey negative information. In 

contrast, the choice of one specific issue to buy, out of virtually all the stocks trading 

in the market, is more likely to convey positive firm-specific news. Chiyachantana et. 

al (2004) propose that in bullish (bearish) markets, buys (sells) have a bigger price 

impact.  In other words, investors have to pay for higher premium for liquidity when 

trade on the same side of market condition. Thus, I expect the price advantage to be 

more pronounced for buy order in Bull market and sell order in bear market. 

 

H1: Domestic investors trade at better price than foreign investors  

 
One of the questions of interest to researchers in finance is how the behavior 

of different investors or their interaction in the market affects returns. There are 

several studies educating this issue in several factors but the paper emphasized in 

trading activities and found that trading activities from investors have influence for 

the stock market (e.g. Gervais, Kaniel, and Mingelgrin, 2001 and Kaniel, Saar and 

Titman, 2007). By investigating this topic, Gervais, Kaniel, and Mingelgrin (2001) 

examined the volume-return relationship from a relatively short-horizon perspective 

and found that past volume alone could help in predicting future returns more than 

past returns by using NYSE data from August 1963 to December 1996. While Kaniel, 

Saar and Titman (2007) look at short horizon returns subsequent to net buying by 

individual investors for 1,920 NYSE stocks over a three year period and find that 

stocks heavily bought by individuals one week reliably outperform the market the 

following week. They noted that the short-term profitability of retail trades is 
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consistent with risk-averse individuals being compensated for providing liquidity to 

institutional investors. 

We measure order imbalance in each investor group by investigating  intense 

net trading like as Kaniel, Saar and Titman (2007) methodology. The assumption of 

order imbalance hypothesis indicated that if one group of investors is more aggressive 

than the others, they should have higher intense net trading than others at the same 

time and can affect the subsequent stock price. Therefore this study indicates the 

hypothesis as follows. 

 

H2. Domestic investors trading imbalance is related to stock returns. 

 

3. Data and Methodology 

3.1 Data and Sample Selection. 

We use intraday transactions data complied by the research center of the Stock 

Exchange of Thailand (SET) from the year 1999 to 2004.  The firm’s characteristics 

such as market capitalization, daily close price and SET index are obtained from 

SETSMART database. The transactions data provides information on each trade 

execution including trade execution time, price, volume and both buyer and seller 

sides information, such as order times as well the investors types. We group types of 

investors into (1) Individual domestic investors which include broker portfolio, broker 

customer, sub-broker portfolio and sub-broker customer, (2) Institutional domestic 

investors which include broker mutual fund and sub-broker mutual fund, and (3) 

Foreign investors which include broker foreign and sub-broker foreign. The sample is 

selected only from common stocks listed on both the main board and foreign board 

from January 1999 to December 2004. To reduce the effect of low-priced stocks, we 
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exclude the stocks that experience any daily closing price less than 1 baht. The overall 

final sample consists of 530 stocks. 

Table I panel A shows summary of intraday data separated by investor group, 

time interval and types of order. The number of trades executed by individual 

domestic, institutional domestic and foreign investors are 91%, 2.1% and 6.9% 

respectively. Individual investors are the primary traders of the market and trade 

heavily during morning period for 44.5% from both purchase and sell sides and trade 

thinly during pre-afternoon period which covers only 2,683,157 transactions (1.6% of 

overall transaction). Foreign investors concentrate trade in the morning accounting for 

42.8% of their trades. However the institutional traders balance their trading for 

morning and afternoon session. Hence in Thailand, individual domestic investors have 

the most actively trading when compare with others investor groups following by 

foreigner and institution domestic investors. 

Panel B presents average daily trade value and shares of the sample stock 

separated by trade side and investors groups. It shows that foreign investors trade 

highest in value which is 126.66 millions baht for all trades followed by individual 

and institutional domestic investors. Foreigner mainly trade in large stocks for 60.5% 

in value and 51.3% in share volume. In buy side of large stocks, there is 36.14, 39.67 

and 116.12 millions bath from individual, institutional domestic investors and 

foreigner respectively. In sell side of large stocks, there is 36.12, 37.63 and 118.00 

millions bath from individual, institutional domestic investors and foreigner 

respectively. In sum, individual investors trade most frequently comparing with other 

investors and focus mainly on small stocks. Foreign investor’s are the most active 

traders in terms of trade value and share as they are the main traders for large stocks. 

While institutional investors are the least actively traders in terms of number of trades 
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and volume, however, they focus on large stocks. The above results are consistent 

with both how institutions trade in domestic stocks (Keim and Madhavan (1995)) and 

the international evidence that foreigners (institutions) tend to hold large companies 

(e.g., Kang and Stulz (1997) for Japan, and Choe, Kho, and Stulz (1999) for Korea). 

 

3.2. Methodology 

3.2.1 Trade Price Performance 

To investigate trade performance of domestic and foreign investors, we follow 

the Choe, Kho and Stulz (2001) and Agarwal, Faircloth, Liu and Rhee (2007) 

methodology to calculate the volume-weighted average price. In particular, the 

volume-weighted average price measurement will be calculated using the volume-

weighted average price at which the stock traded using all trades that day ( dt
iWP ) and 

then compute the volume-weighted average price for all trades involving the investor 

group which are interested in dt
jiWP , . Finally, the ratio of the average price for all 

trades involving an investor class to all trades for a stock on a given day is calculated. 

The volume-weighted average price is calculated separately for purchases and sales as 

well as for investor types.  

dt
iWP   =  

∑
∑

t

dt
i

t

dt
i

dt
i

V

VP
  dt

jiWP ,   =  
∑
∑

t

dt
ji

t

dt
ji

dt
ji

V

VP

,

,,

   

where, dt
iP  is the price of stock i on day d for trade t, 

dt
iV  is the size of the trade for stock i on day d for trade t  

dt
jiP ,   is the price of stock i on day d for trade t by investor group j 

dt
jiV ,  is the size of the trade for stock i on day d for trade t by investor group j 
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dt
iWP   is the volume-weighted average price for stock i on day d for trade t       

dt
jiWP ,   is the volume-weighted average buying or selling prices by investor group j  

for stock i on day d for trade t 

Trading performance is measured by trade price ratio as below. 

dt
jiWP , / dt

iWP  

The ratios are calculated in order to measure trading price of domestic and foreign 

investors. It is mainly indicated that what investor type trade at better price than the 

others in each investor trading in each day. In other words, this ratio is simply a 

measure of how much more or less an investor pays than the average price on that day 

when he buys and how much more or less he receives when he sells. Furthermore, 

crucial question is trading performance in each group significantly differs from others 

groups. To answer this question, we compare trading performance across investor 

classes. In each day on which both investor class’s purchases and sells, then takes the 

difference on that day between the prices paid by two investor groups. If one of the 

two investor groups does not trade on that day, this study will skip that day and report 

the t-statistic for the daily differences. The result will indicate the trading price of the 

investor groups which are more significantly higher or lower than other groups.   

3.3.2 Trade Imbalance and Stock Returns 

In this section, we turn to investigate in depth in buy and sell trades by using 

trade imbalance between buy and sell. This trade imbalance will enable us to examine 

whether differences in trading behavior of each type of investors in the market impact 

stock returns. In particular, we use the intense of trade imbalance measure as 

proposed by Kaniel, Saar and Titman (2007) to investigate the extend to which this 

intense is significantly influenced by past stock returns and the extend to which such 

intense predicts future returns. The trade imbalance is measured by intense Net 
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Investor Trading (NIT). We calculate NIT for each investor group and define intense 

trading by using NIT portfolio. We construct a daily measure of net investor trading 

by subtracting the value of the shares sold by investors from the value of shares 

bought, and then standardizes the measure by the average daily Baht volume. 

Specifically, we define Net Investor Trading (NIT) for stock i on day t as   

t
jiNIT ,  = 

1
,,

−

−
t
i

t
ji

t
ji

ADVOL
DSELLDBUY

         where  

t
jiNIT ,   = Net Investor Trading on the stock i at day t by investor group j 

t
jiDBUY , =Daily Investor Buy Baht Volume on the stock i at day t by investor group j 

t
jiDSELL , =Daily Investor Sell Baht Volume on the stock i at day t by investor group j 

1−t
iADOL =the stock’s average daily Baht volume for the year ending  

Then we aggregate the NIT into the weekly frequency. 

To create NIT portfolio, we separate the sample into ten quartiles based on 

NIT value for each investor group and each stock in each week; we assign each stock 

into one of the ten deciles portfolios formed by comparing the NIT value of the stock 

that week to the NIT values of the same stock in the previous nine weeks. If the NIT 

measure that week is more negative than the NIT measures of the same stock in the 

previous nine weeks, the stock is assigned into decile 1 (most intense selling). If the 

NIT measure is more positive than the NIT measures of the same stock in the 

previous nine weeks, the stock is assigned into decile 10 (most intense buying) for 

that week. Note that the decile portfolios may contain different stocks in different 

weeks, but the stocks in these portfolios share the characteristic that their net investor 

trading is much more negative (decile 1) or much more positive (decile 10) than the 

NIT these stocks experienced in the recent past.  
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  NIT 

decile 

         D1        D2          D3            D4            D5           D6          D7             D8           D9      D10 

  (More selling)            (More buying) 

The procedure that places stocks into portfolios simply defines a benchmark 

that helps us decide whether a particular NIT in a given week for a given stock is 

more intense than the “normal” NIT of that stock. After we obtain NIT measurement, 

we then segregate NIT in each decile into three investor groups to compare trading 

behavior among them.  

Further, to explore the relation between realized stock returns and investor 

trading, we then investigate the short-horizon dynamic relation between NIT and 

stock returns. We analyze return patterns associated with the intense selling and 

buying portfolios (decile 1 and decile 10, respectively) in each investor group. We 

also present results for somewhat less intense trading by forming a selling portfolio 

from the stocks in deciles 1 and 2, and a buying portfolio from the stocks in deciles 9 

and 10 as proposed by Kaniel, Saar and Titman (2007) paper.  Therefore, these are 

four portfolios for each investor group: (i) decile 1: the intense selling portfolios, (ii) 

decile 1 and 2 : the selling portfolios, (iii) decile 9 and 10: the buying portfolios, and 

(iv) decile 10 :  the intense buying portfolios 

We measure the market-adjusted return during the week of intense investor 

imbalance separated by investor groups, but our focus is on the short-horizon 

dynamics. Therefore, market-adjusted returns both cumulative and weekly market-

adjusted returns are calculated for 4, 3, 2 and 1 weeks prior to or following the 

portfolio formation each week.   
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          (4 weeks before)               (Event week)           (4 weeks after) 

   

 

            W-4         W-3         W-2         W-1           W0         W+1        W+2        W+3        W+4   

 

4. Empirical Results 

4.1 Trade Price Performance of Individual Domestic, Institutional Domestic and 

Foreign Investors 

In order to investigate the trade price performance of domestic and foreign 

investors, we measure volume-weighted average price ratio measurement separately 

by investor groups during the sample period. The price ratio represents the average 

price of a security weighted by size. The more volume traded at a certain price level, 

the more impact that price has on the ratio.  If the price ratio is greater one, it implies 

that investors trade higher than the average price. Table 2 presents equally weighted 

average price of these ratios across days and stocks for each investor class. Price ratio 

for all executed order is shown in panel A. The price ratio of foreign investor is 

greater than 1 and significantly greater than both individual domestic and institutional 

domestic investors. In other words, foreign investors trade at higher price than 

average.  In contrast, domestic investors trade at lower price than average price as it is 

below 1. Once we separate orders into buy and sell orders, the results report volume-

weighted average price ratio are 0.99957, 0.99986 and 1.01752 for domestic 

investors, institutional investors and foreigner in buy side. The results can be 

interpreted that individual and institutional domestic investors pay less than the 

average price, while foreign investors pay more than the average price when they 

purchase.  
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Considering the results for selling, the panel C in Table II indicates that 

foreign investors and institutional domestic investors sell less than the average price 

while individual domestic investors sell more than the average price. The foreigner 

trading at average price ratio is 0.99351 while the ratio of individual domestic 

investors is 1.00034. Foreign investors sell at significantly lower prices than domestic 

individuals and domestic institutional. This evidence supports the information 

advantage hypothesis that individual domestic investors buy at lowest price in 

Thailand stock market as well as they trade at highest price for sell side. These 

findings are consistent with other works of Brennan and Cao (1997) Dvorák (2005) 

Choe, Kho, and Stulz (2005) and Agarwal, Faircloth, Liu and Rhee (2007). Thus, the 

results indicate that in general, domestic investors have information advantage in their 

trading by observing volume-weighted average price ratio.  

Moreover, we compare price ratio of individual with that of institutional 

investors, table II shows that domestic institutions buy at higher price and sell at 

lower price than that of individual investors.  

 

4.2 Trade Price Performance, Firm Size, and Market Condition 

We also investigate whether liquidity influences trading of investors and how 

investors trade under different market conditions. We use average market 

capitalization as proxy for liquidity to rank and assign stocks in our sample into three 

portfolio classes as small, mid-cap, and large stock portfolios. We use the daily SET 

index return to classify market into positive (Bull) and negative (Bear) condition. 

Comparing between foreign and domestic investors, the results of price 

trading controlling by firm size are demonstrated in table III. For all stock sizes, 

foreign investors trade at a disadvantage. In table IV, controlling for market trend, 
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both panel A for bull market and panel B for bear market show similar result for 

foreign investors. Foreign investors trade at worse price than other investor groups. 

Trade price is greater than one for purchases and below 1 for sell. However, after 

controlling for both stock size and market trends, table V reveals more information 

that although foreign investors are at disadvantage during the bear market and sell 

side during the bull market, they significantly buy mid-cap and large stocks at better 

price than individual and institutional domestic investors during Bull market. This 

result can be possibly explained by the notion suggested by Seasholes (2000), 

Grinblatt and Keloharju (2000) and Kamesaka and Wang (2005) in that foreign 

investors (which are also institutional investors) may have an advantage over 

domestic institutions merely because their personnel is more experienced, have access 

to more proprietary research, and do not have to concern about trading to fulfill 

political objectives or help out related companies. 

When comparing individual with institutional domestic investor, the results 

are mixed. During the bull market, institutions buy at better price than individuals. In 

other words, individuals pay higher premium to informed institutional investors.  

 

4.3 The Effect of Trade Imbalance on Stock Returns 

Table VI provides summary statistics on the weekly Net Investor Trading 

(NIT) measure separated by investor groups and NITDecile. This table presents time-

series summary statistics for the average NIT of stocks in deciles 1 and 10 (intense 

selling and buying, respectively) separated by stock size. Table VI also demonstrates 

that the extent of imbalances in individual trading varies over time, and can be rather 

large in magnitude for some stocks on some weeks which can represent the 

aggressiveness behavior in each investor group. The average magnitude of the 
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imbalance for stocks in individuals can be rather large: 236.57% of average daily 

volume when they sell and 354.92% when they buy when comparing with others 

groups. Whereas institutional and foreign investors’ intense selling are 168.39% and 

295.40% respectively, the institutional and foreign investors’ intense buying are 

106.21% and 204.90%. When controlling for stock size, we find the same result with 

all stocks for both intense selling and buying in each investor group. From figure I, 

the result demonstrates that individuals on average bought during the sample period 

and foreigner on average sold during the sample period. These results imply that 

foreign investors have intense selling more than other groups whereas individual 

domestic investors have intense buying more than other groups. Generally, the 

empirical evidence concludes that domestic investors have higher aggressive behavior 

than foreign investors by observing order imbalances in their trading.    

Further to examine whether intense investors trading are dynamically related 

to short-horizon returns. We expect that such return patterns should reveal themselves 

more clearly when one restricts the investigation to more intense imbalances. 

Therefore, this paper investigates the relationship between stock return and investor 

trading by calculating the market-adjusted returns around intense buying or selling in 

table VII. The first line of the table VII shows that intense investor selling (decile 1) 

separated by investor groups. The mean excess returns in the 4 weeks prior to the 

selling week are 3.40%, 6.54% and 2.26% for individuals, institutional and foreigners 

respectively. The mean excess return in the one week prior to that week is 0.88%, 

5.75% and 3.53% for individuals, institutional and foreigners respectively. The result 

shows obviously that domestic investors have intense selling and highly statistically 

significant when an increase in stock prices and foreign investors have intense buying 

when the stock price increases. 
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The last line of the table describes the returns in the week prior to intense 

investor buying activity (decile 10). The excess return in the 4 weeks prior to intense 

buying in individual is 2.15%. The excess return for institutional and foreigners are -

0.49% and 9.16% and is statistically significant. We obtain similar results with the 

less extreme portfolios for intense buying (deciles 9 and 10) but in less statistically 

significant.  

The table also emphasized that there are positive or negative excess returns 

following weeks with intense net buying or selling by investor groups. From the 

intense selling, the result indicates that there are negative excess returns after the 

week of intense individual selling. The portfolio of stocks in decile 1 has cumulative 

market-adjusted returns of -2.64% in the week after intense selling and -13.32% in the 

4 weeks following portfolio formation (both statistically significant) in case of 

individual domestic investors. In case of intense buying, it is interesting that stock 

returns are positive excess returns after the formation week of foreigners trading. The 

portfolio of stocks in decile 10 earns market-adjusted returns of 5.74% in the week 

after intense buying and 6.01% in the 4 weeks following portfolio formation (both 

statistically significant).  

Panel B of Table VII shows the weekly excess returns in the four weeks 

around intense trading week separated by investor groups. This enables us to 

statistically test the hypothesis that the excess return continues to increase (or 

decrease) every week. Figure II shows the stock return of decile 1 and decile 10 

around the formation week for each investor group. It is clear from the figure that 

excess return after the formation week of individual intense selling decrease over four 

weeks. In the opposite side, excess returns after the formation week are increasing 

after institutional and foreigner intense buying. In sum, individual trading sell stocks 
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when they are at peak and stock price reverses whereas once institutions and foreigner 

buy, the stock price increase afterward. Thus the selling from individual investors can 

predict future return as well as the buying from institutions and foreign does. 

 

5. Conclusion 

 This paper provides new evidence on performance of various investor types 

in Thailand by using transaction data containing detail information on trader types and 

trade side for each trade during 1999 to 2004. We examine the extent to which 

domestic investors outperform foreign investors in terms of trade price and the extent 

to which trading imbalance is related to past and future return.  The sample includes 

common stocks with closing price greater than 1 baht trading on both main and 

foreign board. Our findings reveal following evidence. First, by using the volume-

weighted average price measurement, domestic investors pay less than foreign 

investors when they purchase as well as domestic investors receive more than foreign 

investors when they sell.  The results show that domestic individual investors have a 

private information advantage which is consistent with the results of the earlier work 

of others Asia countries such as in Korea and Indonesia. Hence, it is interesting to 

acknowledge that domestic investors in developing countries have information 

advantage than foreigner. This information advantage may come from linguistic, 

cultural or geographic so local investors can trade at better performance than 

foreigner.  

 Second, the results show that domestic institutions buy at higher price and 

sell at lower price than that of individual investors. The possible explanations are that 

institutional trade is attributed to higher informed trading in buys than in sells and that 
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the contrarian strategy of individual investors leads them to act as liquidity providers 

to institutions who required immediacy.  

 Third, after controlling for stock size (liquidity impact) and market trends, 

we find that despite foreign investors are at a disadvantage during the bear market as 

well as selling trades during the bull market, they significantly buy mid-cap and large 

stocks at better price than individual and institutional domestic investors during bull 

market. This is possibly due to the suggestion by Seasholes (2000), Grinblatt and 

Keloharju (2000) and Kamesaka and Wang (2005) in that foreign investors (which are 

also institutional investors) may have an advantage over domestic institutions merely 

because their personnel is more experienced, have access to more proprietary 

research, and do not have to concern about trading to fulfill political objectives or 

help out related companies. 

Finally, since trading strategies and information differ across traders, we 

expect that the relationship between investor trading and prices also varies across 

traders. This paper also investigates the relationship between stock return and investor 

behavior by using intense investor trading imbalance. The empirical result shows that 

stock prices decrease after net intense selling of individual group while stock prices 

are positive around foreign investor’s net intense buying. In other words, individual 

trading sell stocks after price increases and the stock price reverses. After institutions 

and foreign investor buy, the stock price increases. This can imply that the selling 

from individual investors and buying from institutions and foreign predict future 

return. 
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Table I. Summary Statistics of Samples Separated by Types of Investors 
 

This table presents summary statistics of the sample of 530 stocks listed on Stock Exchange of 
Thailand (SET) for the six-year period from January 1999 to December 2004. The sample consists of 
common stocks that were traded on both main and foreign board and experience daily closing price greater 
1 baht. The order and trade transactions for both buy and sell sides are aggregated and separated into three 
types of investors including (1) individual domestic investors which include (broker portfolio, broker 
customer, sub-broker portfolio and sub-broker customer), (2) institutions domestic investors which include 
broker mutual fund and sub-broker mutual fund, and (3) foreign investors (broker foreign and sub-broker 
foreign). Panel A reports intraday order submission. Panel B presents daily average trade value and sahre 
volume. Panel C presents daily average trade value and share volume in percentage. 
 
Panel A. Intraday trades separated by investor types 
 

Time period 
(1)   Individual 

Domestic  
  (2) Institutional 

Domestic 
  (3) Foreign    

Pre Open             
   Number of orders       
       All Orders           34,885,144.00 20.7%               223,098.00 5.7%          2,066,825.00 16.1% 
       Buy Orders           13,488,506.00                  97,574.00              851,880.00  
       Sell orders           21,396,638.00                 125,524.00            1,214,945.00   
Morning       
   Number of orders       
       All Orders           74,779,526.00 44.5%            1,698,705.00 43.8%          5,491,142.00 42.8% 
       Buy Orders           37,266,928.00                804,416.00           2,661,850.00  
       Sell orders           37,512,598.00                 894,289.00            2,829,292.00   
Pre Afternoon       
   Number of orders       
       All Orders             2,683,157.00 1.6%                 76,658.00 2.0%             252,866.00 2.0% 
       Buy Orders             1,400,372.00                  38,491.00              125,591.00  
       Sell orders             1,282,785.00                   38,167.00               127,275.00   
Afternoon       
   Number of orders       
       All Orders           48,513,412.00 28.8%            1,744,466.00 45.0%          4,741,484.00 37.0% 
       Buy Orders           25,326,226.00                886,218.00           2,355,248.00  
       Sell orders           23,187,186.00                 858,248.00            2,386,236.00   
Extend       
   Number of orders       
       All Orders             7,307,385.00 4.3%               137,217.00 3.5%             279,691.00 2.2% 
       Buy Orders             3,979,238.00                  82,025.00              146,969.00  
       Sell orders             3,328,147.00                   55,192.00               132,722.00   
Total       
   Number of orders       
       All Orders         168,168,624.00 91.0%            3,880,144.00 2.1%        12,832,008.00 6.9% 
       Buy Orders           81,461,270.00             1,908,724.00           6,141,538.00  
       Sell orders           86,707,354.00              1,971,420.00            6,690,470.00   
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Panel B. Trade value (bath) and Trade volume (shares) 
 

Buy Sell Total Buy Sell Total
All stocks  22.22              22.25              44.47              222.97            223.65            446.62            

Individual Small stocks  2.60                2.60                5.21                36.35              36.51              72.86              
Mid-Cap stocks   9.62                9.61                19.23              179.42            180.87            360.29            
Large stocks  36.14              36.21              72.36              313.57            313.99            627.56            
All stocks  21.53              20.60              42.13              93.85              103.07            196.92            

Institutional Small stocks  0.33                0.44                0.77                4.20                7.31                11.51              
Mid-Cap stocks   2.31                2.70                5.01                26.00              33.44              59.43              
Large stocks  39.67              37.63              77.29              163.12            175.51            338.63            
All stocks  62.76              63.89              126.66            296.06            300.09            596.15            

Foreign Small stocks  1.03                1.17                2.20                19.00              19.93              38.94              
Mid-Cap stocks   5.76                6.17                11.93              93.61              97.17              190.79            
Large stocks  116.12            118.00            234.11            506.18            511.59            1,017.77         

Investor Groups Size Groups
Trade Value (Millions Baht) Trade Volume (1,000 Shares)

 
 
 
Panel C. Trade value and volume in% 
 

Buy Sell Total Buy Sell Total
All stocks  20.86% 20.85% 20.85% 36.38% 35.68% 36.03%

Individual Small stocks  65.62% 61.93% 63.72% 61.04% 57.27% 59.09%
Mid-Cap stocks   54.40% 51.98% 53.16% 60.00% 58.07% 59.01%
Large stocks  18.83% 18.88% 18.85% 31.90% 31.36% 31.63%
All stocks  20.22% 19.30% 19.76% 15.31% 16.44% 15.88%

Institutional Small stocks  8.34% 10.36% 9.38% 7.06% 11.46% 9.33%
Mid-Cap stocks   13.05% 14.63% 13.86% 8.69% 10.73% 9.74%
Large stocks  20.67% 19.61% 20.14% 16.60% 17.53% 17.07%
All stocks  58.92% 59.86% 59.39% 48.31% 47.88% 48.09%

Foreign Small stocks  26.04% 27.71% 26.90% 31.91% 31.27% 31.58%
Mid-Cap stocks   32.55% 33.39% 32.98% 31.31% 31.20% 31.25%
Large stocks  60.50% 61.51% 61.00% 51.50% 51.10% 51.30%
All stocks  100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

All Investors Small stocks  100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
Mid-Cap stocks   100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
Large stocks  100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

Investor Groups Size Groups
Trade Value (%) Trade Volume (%)
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Table II. Trade Volume-weighted Average Buy and Sell prices of Each Investor 
Type across Stock-days 
 

This table presents the volume-weighted average prices separated by investor groups and trade 
sides. The sample of 530 common stocks listed in Stock Exchange of Thailand cover the period from 1999 
to 2004. For each stock i and day d for trade t, the following price ratio are calculated for each investor type 
j. 
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where dt
iWP  is the volume-weighted average price for stock i on day d for trade t, and dt

jiWP ,  is the 
volume-weighted average buying or selling prices by investor group j for stock i on day d for trade t. This 
price ratio is computed for both buys and sells and by investor class, separately. The ratio represents the 
average price of a security weighted by size. The more volume traded at a certain price level, the more 
impact that price has on the ratio. Panel A reports the results for all executed orders. Panels B and C report 
the results for buy orders and sell orders, respectively. All results are computed over the entire study period. 
The table also tests the difference in trading performance between foreign and domestic individual and 
domestic institutional investors across the sample stocks. ** indicates significance at 1% level and * 
indicates significance at 5% level based on a t-test statistics. 
 
 

All groups of daily trade-value (1)   Individual 
Avg. of            /            (Mean) 0.99991 0.99986 1.00431
Median 1.00000 1.00000 1.00029
Std 0.01084 0.03254 0.32401
Difference of              /            from (1) -0.00006 ** 0.00440 **
Difference of              /            from (2) 0.00445 **

All groups of daily trade-value (1)   Individual 
Avg. of            /            (Mean) 0.99957 0.99986 1.01752
Median 1.00000 1.00000 1.00058
Std 0.01570 0.03468 0.72684
Difference of              /            from (1) 0.00029 ** 0.01795 **
Difference of              /            from (2) 0.01766 **

All groups of daily trade-value (1)   Individual 
Avg. of            /            (Mean) 1.00034 0.99930 0.99351
Median 1.00000 1.00000 1.00001
Std 0.04901 0.03747 0.04844
Difference of              /            from (1) -0.00104 ** -0.00683
Difference of              /            from (2) -0.00579 **

Panel A: All Executed Orders
(3) Foreign(2) Institutional 

(2) Institutional (3) Foreign

(2) Institutional (3) Foreign

Panel B. Buy Orders

Panel C. Sell Orders
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Table III. Trade Volume-weighted Average Buy and Sell Prices of Each Investor Type across Stock-days Classified by Stock 
Sizes. 
 

This table presents the volume-weighted average prices separated by investor groups, trade sides and stock sizes. The sample of 530 common stocks 
listed in Stock Exchange of Thailand cover the period from 1999 to 2004. For each stock i and day d for trade t, the following price ratio are calculated for each 
investor type j. 
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where dt
iWP  is the volume-weighted average price for stock i on day d for trade t, and dt

jiWP ,  is the volume-weighted average buying prices by investor group j 
for stock i on day d for trade t. This price ratio is computed for stock size and investor groups, separately. The ratio represents the average price of a security 
weighted by size. The more volume traded at a certain price level, the more impact that price has on the ratio. The stock size is grouped based on average daily 
market capitalization. Panel A reports buy side price ratio for small stocks. Panels B and C report the buy side price ratio for mid-cap stocks and for large stocks, 
respectively. All results are computed over the entire study period. The table also compares trading performance between foreign and individual and institutional 
domestic investors across the sample stocks. ** indicates significance at 1% level and * indicates significance at 5% level based on a t-test statistics. 
 

 Buy  Sell 
 

dt
jiWP,
/ dt

jiWP ,
 ratio              

 

(1) 
Individual 
Domestic  

(2) 
Institutional 
Domestic 

(3)          
Foreign 

 (1) 
Individual 
Domestic  

 (2) 
Institutional 
Domestic 

(3)              
Foreign  

 Small stocks  Small stocks 
Avg. of price ratio (Mean) 0.99978 0.99943  1.01005  1.00049 1.00062  0.99550  
      

 
     

Difference of mean price ratio from (1)  -0.00035 ** 0.01027   0.00012 ** -0.00499 ** 
Difference of mean price ratio from (2)       0.01062 ** 

 
      -0.00512 * 

  Mid-cap stocks   Mid-cap stocks  
Avg. of price ratio (Mean) 0.99979 0.99941  1.00549  1.00020 0.99946  0.99768  
      

 
     

Difference of mean price ratio from (1)  -0.00038  0.00571 *  -0.00074 ** -0.00252 * 
Difference of mean price ratio from (2)       0.00609 ** 

 
      -0.00178 ** 

  Large stocks  Large stocks 
Avg. of price ratio (Mean) 0.99946 0.99979  1.01244   1.00028 0.99938  0.99272  
            
Difference of mean price ratio from (1)  0.00033 ** 0.01298 *   -0.00090 ** -0.00756  
Difference of mean price ratio from (2)       0.01265 *         -0.00666 * 

j

j

j

j

jj

j

j

j
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Table IV. Trade Volume-weighted Buy and Bell Prices of Each Investor Type across Stock-days Classified by Market Trends.  
 
This table presents the volume-weighted average prices separated by investor groups, trade sides and market trends. The sample of 530 common stocks 

listed in Stock Exchange of Thailand cover the period from 1999 to 2004. For each stock i and day d for trade t, the following price ratio are calculated for each 
investor type j. 
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where dt
iWP  is the volume-weighted average price for stock i on day d for trade t, and dt

jiWP ,  is the volume-weighted average buying prices by investor group j 
for stock i on day d for trade t. This price ratio is computed for market trends and investor groups. The ratio represents the average price of a security weighted 
by size. The more volume traded at a certain price level, the more impact that price has on the ratio. Panel A reports the results for bull market. Panels B report 
the results for bear market. All results are computed over the entire study period. The table also compares trading performance between foreign and individual 
and institutional domestic investors across the sample stocks. ** indicates significance at 1% level and * indicates significance at 5% level based on a t-test 
statistics. 

. 
Panel A: Volume-weighted Average Prices Ratio during Bullish market   

 Buy  Sell 
  (1)    

Individual 
Domestic  

(2)  
Institutional 
Domestic 

(3)  
Foreign  

 (1)    
Individual 
Domestic  

(2)  
Institutional 
Domestic 

(3)  
Foreign  

Avg. of price ratio (Mean)  0.99961 0.99972  1.01204  1.00024 0.99953  0.99379  
Median 1.00000 1.00000  1.00053  

 
1.00000 1.00000  1.00000  

Difference of mean price ratio from (1)  0.00011 ** 0.01243 *  -0.00071 * -0.00644 ** 
Difference of mean price ratio from (2)       0.01232 * 

 
      -0.00574 ** 

            
Panel B: Volume-weighted Average Prices Ratio during Bearish market 

 Buy  Sell 
  (1)    

Individual 
Domestic  

(2)  
Institutional 
Domestic 

(3) 
 Foreign  

 (1)   
 Individual 
Domestic  

(2) 
Institutional 
Domestic 

(3)  
Foreign  

Avg. of price ratio (Mean)  0.99962 0.99962  1.01071  1.00035 0.99949  0.99359  
Median 1.00000 1.00000  1.00053  

 
1.00000 1.00000  1.00000  

Difference of mean price ratio from (1)  0.00000 * 0.01109 **  -0.00086 ** -0.00676 ** 
Difference of mean price ratio from (2)       0.01109 * 

 
      -0.00590 * 

 
 

j

j

j

j

j

j
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Table V. Trade Volume-weighted Buy and Sell Prices of Each Investor Type across Stock-days Classified by Stock Sizes and 
Market Trends.  

 
This table presents the volume-weighted average prices separated by investor groups, trade sides, stock size and market trends. The sample of 530 

common stocks listed in Stock Exchange of Thailand cover the period from 1999 to 2004. For each stock i and day d for trade t, the following price ratio are 
calculated for each investor type j. 
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where dt
iWP  is the volume-weighted average price for stock i on day d for trade t, and dt

jiWP ,  is the volume-weighted average buying prices by investor group j 
for stock i on day d for trade t. This price ratio is computed for market trends, stock size and investor groups. The ratio represents the average price of a security 
weighted by size. The more volume traded at a certain price level, the more impact that price has on the ratio. The stock size is grouped based on average daily 
market capitalization. Panel A reports the results for bull market. Panels B report the results for bear market. All results are computed over the entire study 
period. The table also compares trading performance between foreign and individual and institutional domestic investors across the sample stocks. ** indicates 
significance at 1% level and * indicates significance at 5% level based on a t-test statistics. 

Panel A:  Volume-weighted price ratio during Bull market 
 Buy  Sell 

 

(1)    
Individual 
Domestic  

(2)  
Institutional 
Domestic 

(3) 
Foreign 

 (1)    
Individual 
Domestic  

(2) 
Institutional 
Domestic 

(3) 
Foreign 

  Small stocks  Small stocks 
Avg. of price ratio (Mean) 0.99968 0.99964  1.00863   1.00014 1.00051  0.99630  
Difference of price ratio from (1)  -0.00003 ** 0.00896 **   0.00037 ** -0.00384 ** 
Difference of price ratio from (2)       0.00899 **        -0.00421 ** 

  Mid-cap stocks   Mid-cap stocks  
Avg. of price ratio (Mean) 0.99981 0.99937  0.99769   1.00031 0.99937  0.99769  
Difference of price ratio from (1)  -0.00044 ** -0.00211 *   -0.00095 ** -0.00262 * 
Difference of price ratio from (2)       -0.00167 **        -0.00167 ** 

  Large stocks  Large stocks 
Avg. of price ratio (Mean) 1.00024 0.99946  0.99281   1.00024 0.99946  0.99281  
Difference of price ratio from (1)  -0.00078 ** -0.00743 **   -0.00078 * -0.00743 * 
Difference of price ratio from (2)       -0.00665 **        -0.00665 * 
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Panel B:  Volume-weighted price ratio during Bear market 
  Buy  Sell 

 (1)    
Individual 
Domestic  

(2) 
Institutional 
Domestic 

(3)  
Foreign  

 (1)   Individual 
Domestic  

(2) 
Institutional 
Domestic 

(3)  
Foreign  

  Small stocks  Small stocks 
Avg. of price ratio (Mean) 0.99988 0.99923  1.01134   1.00084 1.00072  0.99475  
Difference of price ratio from (1)  -0.00065 ** 0.01147 **   -0.00012 ** -0.00609 ** 
Difference of price ratio from (2)       0.01211 **        -0.00597 ** 

  Mid-cap stocks   Mid-cap stocks  
Avg. of price ratio (Mean) 0.99977 0.99929  1.00560   1.00009 0.99956  0.99767  
Difference of price ratio from (1)  -0.00048 ** 0.00583 *   -0.00053 * -0.00242 * 
Difference of price ratio from (2)       0.00631 **        -0.00189 ** 

  Large stocks  Large stocks 
Avg. of price ratio (Mean) 0.99945 0.99980  1.01161   1.00032 0.99930  0.99263  
Difference of price ratio from (1)  0.00035 * 0.01216 **   -0.00101 ** -0.00769 * 
Difference of price ratio from (2)       0.01181 *         -0.00667 * 
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Table VI. Summary Statistics of Net Investor Trading in Portfolios of Intense 
Buying or Selling Classified by Investor types 
  

This table presents summary statistics of Net investor trading (NIT) in weekly portfolios of 
stocks that experience intense buying or selling divided by investor groups. The sample for the study 
consists of 530 common stocks listed on Stock Exchange of Thailand covering the period from 1999 to 
2004. The sample excludes the stocks experience daily closing price below 1 baht. t

jiNIT ,
 for each 

investor group j on stock i at week t is defined as the baht volume bought by investors j minus the baht 
volume sold by investor j divided by a moving average of past one-year average baht volume.  

t
jiNIT ,  = 

1
,,

−

−
t
i

t
ji

t
ji

ADVOL
DSELLDBUY  

For each week in the sample period, the previous nine weeks are used to form NIT deciles. Each stock 
is assigned into one of ten deciles according to the NIT value in the current week relative to its value in 
the previous nine weeks. Decile 1 contain the stocks with the most intense selling (negative NIT) while 
decile 10 contains the stocks with the most intense buying (positive NT). For each decile, the averages 
NIT for the stocks in the portfolio are computed. The time-series summary statistics of the average NIT 
in deciles 1 and 10 for the entire sample and separately for the three size stock groups and investor 
groups.  

 
Panel A: Summary Statistics of NIT in Portfolios of Intense Selling or Buying by Individual  
Portfolio Individual Mean Std. Dev 25% Median 75% 

 All stocks   -2.3657 5.8544 -2.7801 -1.5840 -1.0189 
Intense Selling Small stocks   -1.8713 2.7680 -2.3529 -1.2243 -0.5806 
(decile 1)   Mid-Cap stocks    -1.9855 1.8396 -2.5983 -1.3869 -0.7842 

 Large stocks   -3.1847 20.0223 -2.8235 -1.5000 -0.9329 
       
 All stocks   3.5492 3.5154 1.9394 2.6820 4.3887 

Intense Buying   Small stocks   3.6993 5.7995 1.1410 2.0562 3.7959 
(decile 10)   Mid-Cap stocks    3.7173 3.7919 1.7045 2.7806 4.3751 

 Large stocks   3.5193 5.4516 1.7025 2.5905 3.8952 
       

Panel B: Summary Statistics of NIT in Portfolios of Intense Buying or Selling by Institutional  
Portfolio Institutional Mean Std. Dev 25% Median 75% 

 All stocks   -1.6839 2.0676 -2.0270 -1.2347 -0.7607 
Intense Selling Small stocks   -1.8175 3.3656 -2.1184 -0.8215 -0.3159 
(decile 1)   Mid-Cap stocks    -1.8211 1.7988 -2.3333 -1.3373 -0.6082 

 Large stocks   -1.5422 2.9625 -1.6582 -1.0300 -0.6085 
       
 All stocks   1.0621 0.9684 0.5356 0.7795 1.2546 

Intense Buying   Small stocks   0.5756 1.2393 0.0000 0.1087 0.6847 
(decile 10)   Mid-Cap stocks    1.1210 1.8470 0.2550 0.6112 1.3018 

 Large stocks   1.1913 1.0907 0.6230 0.9484 1.4378 
       

Panel C: Summary Statistics of NIT in Portfolios of Intense Buying or Selling by Foreign 
Portfolio Foreign Mean Std. Dev 25% Median 75% 

 All stocks   -2.9540 2.2744 -3.6140 -2.3118 -1.6211 
Intense Selling Small stocks   -2.5929 4.1201 -2.7602 -1.4592 -0.6465 
(decile 1)   Mid-Cap stocks    -3.5410 5.5193 -4.0835 -2.3104 -1.3130 

 Large stocks   -2.9212 2.8702 -3.2604 -2.2649 -1.5465 
       
 All stocks   2.0490 5.6286 0.8696 1.4087 2.2934 

Intense Buying   Small stocks   1.7105 5.2833 0.2827 0.7270 1.7304 
(decile 10)   Mid-Cap stocks    1.6292 1.6818 0.5731 1.1299 2.1935 

 Large stocks   2.2384 8.7054 0.8809 1.4214 2.3827 
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Table VII. Returns around Intense Investor Trading  
 
 This table presents analysis of market-adjusted returns around intense buying and selling 
activity of each investor group as given by the net investor trading measure (NIT). There are 530 stocks 
in our sample (excluding stocks experience a daily closing price below 1 baht). For each week in the 
sample period, the previous nine weeks are used to form NIT deciles. Each stock is assigned into one 
of ten deciles according to the NIT value in the current week relative to its value in the previous nine 
weeks. Decile 1 contains the stocks with the most intense selling (negative NIT) while decile 10 
contains the stocks with the most intense buying (positive NIT). This paper presents the results for two 
portfolios separated by investor groups: (i) decile 1, and (ii) decile 10. Let w be the number of weeks 
prior to or following the portfolio formation each week. In Panel A, we calculate eight cumulative 
return numbers for each of the stocks in a portfolio. The cumulative return numbers prior to (following) 
the formation week are calculated from week =-1(week=1). The return on each portfolio for each 
investor group is then adjusted by subtracting the return on a market proxy (the equal-weighted 
portfolio of all stocks in the sample). We presents the time-series mean for each market-adjusted 
cumulative return measure and for the market-adjusted return during the intense trading week (“w = 
0”). Panel B presents the time-series mean for weekly market-adjusted returns in the four weeks around 
the formation week. ** indicates significance at 1% level and * indicates significance at 5% level based 
on a t-test statistics. 
 

Portfolio w=-4 w=-3 w=-2 w=-1 w=0 w=1 w=2 w=3 w=4
Intense Selling Individual 0.03398 ** 0.03672 ** 0.01229 ** 0.00877 ** 0.05094 ** -0.00264 * -0.00322 * -0.00671 ** -0.01332 **
(decile 1) Institutional 0.06541 * 0.05583 * 0.05673 * 0.05752 * 0.03986 0.03759 0.03222 0.04344 * 0.03984

Foreign 0.02275 0.02746 0.03305 0.03531 0.01694 0.01377 * 0.00754 0.01968 * 0.01490 *
Selling Individual 0.06664 ** 0.06261 * 0.05011 * 0.03567 * 0.02678 * 0.03256 * 0.03897 ** 0.04135 * 0.03572 *
(decile1& 2) Institutional 0.04400 * 0.04431 * 0.04871 * 0.05074 * 0.02128 0.01768 0.01463 * 0.01752 0.01490

Foreign 0.01139 0.01152 0.01096 0.01659 0.00917 0.00366 -0.00223 * 0.00090 * -0.00433 *
Buying Individual 0.00651 0.00569 0.00508 * 0.00936 * 0.00167 * -0.00306 -0.00906 -0.01371 -0.01938
(decile 9&10) Institutional -0.00834 -0.01193 -0.00807 -0.00496 -0.00172 * -0.00500 * -0.00676 -0.00217 -0.00717

Foreign 0.06559 * 0.06395 * 0.05608 0.03932 * 0.01822 * 0.02387 * 0.02747 * 0.02959 * 0.02512 *
Intense Buying Individual 0.02147 0.01537 * 0.02090 * 0.02233 0.02208 -0.00349 -0.01015 * -0.01277 * -0.01759 *
(decile 10) Institutional -0.00491 -0.00189 0.00027 0.00441 0.00223 * -0.00303 * -0.00045 * 0.01425 0.01067

Foreign 0.09159 ** 0.07956 ** 0.05558 ** 0.05819 ** 0.04045 * 0.05736 * 0.05507 ** 0.06544 ** 0.06005 **

Panal A: Cumulative Market-Adjusted Returns around Intense Investor Trading Seperated by Investor Groups

 
 
 

Portfolio w=-4 w=-3 w=-2 w=-1 w=0 w=1 w=2 w=3 w=4
Intense Selling Individual -0.00274 * 0.02443 * 0.00352 * 0.00877 * 0.05094 * -0.00264 ** -0.00058 ** -0.00349 ** -0.00662 **
(decile 1) Institutional 0.00958 * -0.00090 -0.00079 0.01766 * 0.03986 -0.00227 * -0.00538 0.01122 -0.00360

Foreign -0.00471 -0.00559 -0.00226 0.01837 0.01694 -0.00317 -0.00623 * 0.01214 * -0.00477 *
Selling Individual 0.00403 0.01250 * 0.01443 * 0.00889 * 0.02678 * 0.00578 * 0.00641 * 0.00237 * -0.00563 *
(decile1& 2) Institutional -0.00031 * -0.00440 -0.00203 * 0.02946 0.02128 -0.00360 -0.00306 0.00289 -0.00262

Foreign -0.00014 0.00056 -0.00563 0.00742 0.00917 -0.00552 * -0.00589 0.00313 * -0.00523
Buying Individual 0.00083 0.00061 * -0.00428 * 0.00769 * 0.00167 -0.00473 -0.00601 -0.00465 -0.00567
(decile 9&10) Institutional 0.00358 -0.00386 -0.00311 -0.00324 -0.00172 * -0.00327 * -0.00177 0.00460 -0.00501

Foreign 0.00165 * 0.00787 * 0.01675 0.02110 * 0.01822 * 0.00565 * 0.00360 * 0.00212 * -0.00448 *
Intense Buying Individual 0.00609 * -0.00553 * -0.00143 * 0.02233 0.02208 -0.00349 -0.00665 -0.00262 * -0.00482 *
(decile 10) Institutional -0.00304 -0.00217 -0.00414 0.00218 0.00223 * -0.00527 * 0.00258 * 0.01470 -0.00358

Foreign 0.01203 ** 0.02399 * -0.00261 * 0.01774 ** 0.04045 * 0.01692 * -0.00230 ** 0.01036 ** -0.00540 **

Panal B: Weekly Market-Adjusted Returns around Intense Investor Trading Seperated by Investor Groups

 

1812



 

 33

Figure I: NIT around Intense Investor Trading. 
 

This figure presents the Net Investor Trading (NIT) measure of stocks before, during, and 
after they experience weeks with intense buying and selling activity in each investor group. For each 
week in the sample period, we use the previous nine weeks to form NIT deciles. Each stock is assigned 
into one of ten deciles according to the NIT value in the current week relative to its value in the 
previous nine weeks. Decile 1 contains the stocks with the most intense selling (negative NIT) while 
decile 10 contains the stocks with the most intense buying (positive NIT). Let w be the number of 
weeks prior to or following portfolio formation each week. The figures show the average NIT measure 
of the stocks in decile 1 and 10 during the intense trading week as well as their average NIT in the four 
weeks around the formation week. 
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Figure II. Returns around Intense Investor Trading. 
 

This figure presents analysis of cumulative market-adjusted returns (CMAR)around intense 
buying and selling activity of each investor group as given by the net investor trading measure (NIT). 
For each week in the sample period, the previous nine weeks are used to form NIT deciles. Each stock 
is assigned into one of ten deciles according to the NIT value in the current week relative to its value in 
the previous nine weeks. Decile 1 contains the stocks with the most intense selling (negative NIT) 
while decile 10 contains the stocks with the most intense buying (positive NIT). This figure presents 
the results for two portfolios separated by investor groups: (i) decile 1, and (ii) decile 10. Let w be the 
number of weeks following the portfolio formation each week. 
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Panel B: Investor Intense Buying 
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Abstract 

This paper investigates the short run as well as long run underpricing of the Initial Public 

Offerings in the Indian Capital markets by looking at the different factors affecting them. As the 

underwriters do not have discretionary power in Indian IPOs, some of the theoretical models like 

Rock’s (1986) and costly information acquisition hypothesis (1989), which involves the extent of 

informed as well as uninformed investors can be tested more robustly in Indian Capital markets. 

Therefore a model is proposed taking these oversubscription variables along with age and issue 

size to explain the underpricing. Since different sectors have different level of private and public 

information, it is interesting to perform industry wise analysis and has been taken up here. The 

period for study was 22 months (Jan, 2006- Oct, 2007) considering 116 IPOs. It was found that 

both short and long run return of IPOs are positive for this period. The short run underpricing was 

18% and long run underpricing was 11.5%. Oversubscription variables, namely, total 

oversubscription, informed (institutional investors) and uninformed investors (retail investors) 

oversubscription, were found to be the main determinants of underpricing in the Indian IPOs. 

Higher subscription implied higher underpricing. However, informed investor’s oversubscription 

was higher in companies giving more return in the long run. Further Indian Capital markets were 

found to follow industry specific waves. Upon doing sector wise underpricing analysis, the high 

performing sectors were more underpriced in the short run as well as performing better in the 

long run than low performing sectors. Infrastructure, financial and entertainment sectors with 

positive long run return fell under this category for the period of study. On the contrary, IT sector 

gave higher initial return but negative return in the long run.  
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1. Introduction 

IPO underpricing has been a puzzle for corporate finance. Underpricing phenomenon has been 

consistent across the world (Loughran et al., 1994). It has been of the order of 16%-20% across 

the world, with as high as 80.3 % for Malaysia in the period 1980-91
3
. For Indian capital market, 

Pandey (2005) found 21.26% underpricing on the listing day. This means it is not entirely 

specific to the country, but due to the basic nature of IPOs. The IPO underpricing is mainly 

attributed to the information asymmetry between the issuer and the issuee.  

The primary market of India is unique in many ways. In India, we have both fixed- pricing and 

book-building methods. Book-building involves polling institutional investors and retail investors 

prior to pricing the offering in an attempt to gauge market demand for the issue.  This demand 

information is then used to determine the size, price, and allocation of the offering.  In book-

building, most countries provide the discretion of allotment to the underwriters. This may lead to 

better price discovery as underwriters can assure institutional investors of their share. But it may 

also lead to the problem of moral hazard. The underwriters may not work in the interest of the 

issuing company but in their own interest. In India, the allotment is not discretionary between 

retail and Qualified Institutional Buyers (QIBs) but decided through a formula based on the SEBI 

regulations.  This makes India a good ground to test many models of IPO book-building models.  

Another uniqueness of India is the unusual history of regulations. Post 1991 reforms, the markets 

are said to be more efficient. If this is the case, more number of IPOs with less underpricing 

would be expected post reforms. The number of IPOs has been increasing in recent bullish market 

in India with the number being 29 in 2004, 71 in 2005 and 2006 and 107 in 2007
4
. However, 

adequate research is still lacking in this field. One of the early works was done Shah (1995) 

where he identified the stylized empirical regularities about India’s IPO market for the period 

January 1991 to April 1995. He worked with a sample size of 2056 and found that on the average 

the price at first listing was 105.6% above the offer price. Madhusoodanan and Thiripalraju 

(1997) did extensive analysis on data of 1922 IPOs during 1992-1995. They reported an average 

initial underpricing of 75.21%. Ranjan and Madhusoodanan (2004) studied 92 IPOs during the 

period January 1999- November 2003. They compared fixed price and book built IPOs and found 

that book built IPOs were less underpriced. They also found that small size issues were more 

likely to be underpriced as compared to their larger counterpart. Pandey (2005) compared short as 

well as long run performance of the fixed price and book built IPOs for the period 1999-2002. He 

                                                 
3
 Ibbotson, R. & Ritter, J, “Initial Public Offerings”, Handbooks in OR & MS, 1995, Vol. 9. 

4
 www.capitalmarket.com  
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too found that book built IPOs performed better than the fixed price ones in the long run. Ghosh 

(2005) studied the Indian IPOs for the period January 1993 to March 2001 (1842 IPOs). He 

studied the relationship between the volatility of stock return just after listing and underpricing of 

Indian IPOs. He found a negative relationship between the two. However, there are no studies 

which link underpricing, both short run and long run, to various factors identified in the theory 

and empirical work outside India. Some of these variables include age of the firm, issue size of 

the firm, and allocation to different parties of the firm. In this paper, we try to bridge this gap of 

research in India by studying these and develop a model for underpricing.  

The paper is divided into 6 sections. Section 2 describes the phenomenon of IPO underpricing 

and subsequent underperformance. It also covers briefly the process of offering in India. Section 

3 lists the various reasons for underpricing identified in the theory. Section 4 describes the 

underpricing observed in the Indian capital markets. It describes the data and the key 

characteristics of the issues. This section covers the underpricing in the short run as well as in 

long run and also describes a model for underpricing. The sub sample (divided by various key 

variables) characteristics are also covered in the section. Section 5 describes the sector wise 

analysis done for IPO underpricing. Finally, we discuss the various findings and guidelines for 

future research.  

2. IPO 

An IPO is the first time that the shares of a company are sold to public investors and subsequently 

traded in the market. IPO is an important source of financing. It is generally taken at a more 

mature stage of the firm. Hence, all the established firms take the IPO route. The average age of 

the companies offering IPO in our data sample is 15.2 years.  It is an important source to establish 

credibility or signaling mechanism in the market.  

The primary purpose of the IPO is to raise capital for capital investments. It also increases the 

liquidity for the shareholders. It can be used to improve the reputation of the company. A public 

issue alters the firm’s legal and economic structure. After listing, the firm becomes subject to 

external market discipline. Hence, it leads to greater discipline and better disclosure practices.   

The costs associated with IPOs are of two types, direct and indirect costs. The direct costs include 

legal, auditing, and underwriting fees. The indirect costs are management time and effort devoted 

in conducting the offering, and dilution associated with selling shares below market price. The 

selling of shares at below market price is what is called underpricing. It constitutes huge amounts 

of money left on the table by corporate.  For the sample considered in the study the amount left 

on the table is Rs. 83.1 billion. On the average the money left by a company is Rs. 600 million. 
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The maximum has been as high as Rs. 19.7 billion and the amount gained due to negative initial 

return is to the tune of Rs. 20.85 billion.   

2.1 Process of Offering 

The process by which an IPO is offered affects the underpricing. The whole process involves 

three parties, namely, the issuing company, underwriter, and investors. The issuing company is 

the one that raises money. The underwriter is usually an investment banking company. It forms a 

syndicate, which consists of the lead writer and other members. Investors are of two types, 

institutional and retail investors. Sometimes, retail is further divided into three categories. The 

first two are retail and non institutional investors and the third category is employees. The 

distinction between retail and non institutional is based on the size applied. The former applies in 

smaller sizes and the latter, also known as the high net worth individuals, applies in larger sizes.  

Pricing depends on the information available to all the parties. The information available with 

each party may be different. The firm specific factors are best known to the company itself. 

Market specific information is known to both the underwriter and to the institutional investors in 

different degrees. The firm specific information is passed to the underwriter to some extent.  

Retail is on the other hand largely uninformed investors.  

The information asymmetry, along with conflicts of interests, leads to the problem of adverse 

selection and moral hazard. Adverse selection (Akerlof, 1970) arises from the selection of wrong 

set of investors. Moral Hazard comes from the underwriter not putting in right efforts for the 

issuing company.  

Typically, the methods used for pricing are: fixed price offering and the book building method. In 

the fixed price mechanism, the final offer price is chosen prior to soliciting orders from investors. 

The price is not conditional on investor demand. The underwriter distributes the prospectus to 

potential investors, collects order applications and allocates the shares. Hence, the fixed price 

mechanism assumes that the firm knows best about its price. It doesn’t need to collect 

information from market regarding the firm specific as well as market specific factors. 
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As per SEBI
5
 guidelines, book building is defined as "a process undertaken by which demand for 

the securities proposed to be issued by a body corporate is elicited and built-up and the price for 

such securities is assessed for the determination of the quantum of such securities to be issued by 

means of a notice, circular, advertisement, document or information memoranda or offer 

document".  

In a book building issue, there is a price band where the lower price is the floor price and the 

higher price is the ceiling price. Investors bid at different prices which may be equal to or more 

than the floor price and the issue price of shares is determined at the end of the bidding period
6
. 

And based upon this process the issue price is determined. Whereas in fixed price issue, there is 

no price band and therefore investors have to apply at only one price. In a book building issue, the 

demand can be seen on a daily basis as the bids are received and the book is built, whereas, in a 

fixed price issue, demand can be ascertained only at the close of the issue. Therefore, it has been 

found that in most countries book building leads to better price discovery.  

2.2 The Process of Allotment 

Prior to 1999, only fixed price mechanism was allowed in India. The book building mechanism 

was allowed in India in 1999 and has been active since then. Hence, presently both fixed price 

mechanism as well as book building mechanism exists in India. Over the years, companies have 

been shifting towards the book building mechanism. The reason is that book building is 

economically more efficient as more information is collected from investors following which 

price decision and allocation are made. In most other countries, the IPO allocation is discretionary 

i.e. allocation between retail and the institutional investors is in the hands of the underwriter. But 

in India it is not discretionary; underwriters have no discretion in making allocation between 

retail and the institutional investors.  

 

The allocation proportion in each category is known in advance. In fixed price IPOs, at least 50% 

of the shares must be made available to retail investors. In a book built issue allocation to Retail 

Individual Investors (RIIs), Non Institutional Investors (NIIs) and Qualified Institutional Buyers 

(QIBs) is in the ratio of 35: 15: 50 respectively. In case the book built issues are made pursuant to 

the requirement of mandatory allocation of 60% to QIBs in terms of rule 19(2)(b) of SCRR, the 

respective figures are 30% for RIIs and 10% for NIIs. This is a transitory provision pending 

                                                 
5
 Securities and Exchange Board of India 

6
 http://www.appuonline.com/ipo/index.html 
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harmonization of the QIB allocation in terms of the aforesaid Rule with that specified in the 

guidelines
7
. 

 

In India, the discretionary power given to the underwriter is only for the allocation to the 

institutional investors. Institutional investors are also called Qualified Institutional Buyers (QIBs). 

Recently SEBI has also made a rule that from the QIBs segment, 5% should be allocated to the 

Mutual funds.  SEBI also allows a hybrid route. Book building could be used for a percentage, for 

example 75% of the issue could be with participation from institutions and large retail investors 

bidding more than the cutoff amounts for small investors, while the remaining 25% could be 

issued to small retail investors at the price determined in the book building process. 

3. The Under Pricing of New Issues  

It has been observed that new issues are under priced across countries (Ibbotson & Ritter, 1995)
8
. 

The under pricing is measured by observing the return just after listing. The major hypothesis 

advanced to explain under pricing
9
 are discussed below: 

The winner’s curse hypothesis: Rock (1986) introduced the ‘winner’s curse’ explanation for 

underpricing of IPOs. This winner’s curse causes an uninformed investor to lower valuation of 

new issues because informed demand makes the possibility of receiving an allocation lower for 

underpriced as compared to overpriced new issues. Hence, uninformed investors withdraw from 

the market until the issue price falls sufficiently to compensate them for the bias in allocation.  

The costly information acquisition hypothesis: Informed investors have better market specific 

information. The issuing firm and underwriter would want to extract this information and 

incorporate it in pricing. The difficulty here is that the informed investors have no incentive to 

reveal the information before the stock is sold. So a proper incentive has to be designed for truth 

revelation by informed investors. This can be done by suitably choosing the rule relating the offer 

price and share allocation. The amount of compensation required depends on how much the 

investors know (Benveniste & Spindt, 1989).  

                                                 
7
 http://iepf.gov.in/Allocations_IPO.asp 

8
 Ibbotson, R. & Ritter, J., “Initial Public Offerings”, Handbooks in OR & MS, 1995, Vol. 9, pg. 993-1016. 

9
 Ibbotson, R. & Ritter, J., “Initial Public Offerings”, Handbooks in OR & MS, 1995, Vol. 9, pg. 993-1016. 
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The cascades hypothesis: IPO market is subject to cascades (Welch, 1992). Investors pay 

attention to other potential investors. Hence, to induce the first few issuers to buy, underpricing is 

done. This results in a testable implication of positively-sloped demand curves. Benveniste & 

Spindt (1989) showed that the offering price is adjusted upwards if regular investors indicate 

positive information.  

The underwriter’s monopsony power hypothesis: Baron (1982) hypothesized that underwriters 

take advantage of their superior knowledge to under price the issue to favor their regular clients. 

Also, the fee usually is related to the success of the IPO. Hence, underpricing helps underwriters. 

The Signaling Hypothesis: Good firms would want to use the strategy of underpricing to attain 

separating equilibrium (Allen & Faulhaber, 1989). They can afford more underpricing, as they 

can raise more money in the seasoned or the follow on equity offerings. There are two testable 

implications here. Firstly, the good firms should have more underpricing. Secondly, the good 

firms should have more follow on equity offerings.  

The Stabilization Hypothesis: Underwriters indulge themselves in stabilization activities, i.e. 

they don’t let prices fall (Ruud, 1993). This is done by buying larger number of shares in the 

immediate market in an effort to prevent the price from falling. New issues typically have the 

over allotment option. The investment banker can sell 115% of the issue size, and then retire the 

incremental 15% if these shares are immediately resold by investors without other buyers willing 

to pay a price equal or more than the offer price. 

Since in India, there is no discretionary power given to the underwriter for the allocation of the 

shares, it provides a better platform to test the Rock’s (1986) and costly information acquisition 

hypothesis. In most markets there is discretionary power with the underwriter and hence they may 

give the more underpriced shares to the informed investors and so the implications of both the 

above models cannot be tested without a bias. The relation between the underpricing and the 

degree of information with the investor can be tested in Indian markets. This is tested in the 

present paper. 
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 4. Underpricing in the Indian Capital Markets 

4.1 Sample 

The study was carried out for the period Jan- 2006 to Oct-2007. The data was collected from 

National Stock Exchange (NSE), Bombay Stock Exchange (BSE) and Securities and Exchange 

Board of India (SEBI) website. The data for oversubscription was collected from individual 

company’s ‘basis of allotment’ document. Companies listed on other regional exchanges or for 

which complete dataset was not available have been excluded. Any issue which was not listed 

within 2 month of the close of the issue was dropped. Following this we arrived at a total of 116 

companies.  

In all, there are a total of 20 sectors in the sample. Since, IPOs have been associated with industry 

wave phenomenon (Ritter, 2003), the sector analysis is considered. From Figure 1, we see that the 

maximum numbers of IPOs were from miscellaneous manufacturing sector followed by the 

infrastructure sector. Lately, infrastructure and power sector have been doing well as reported by 

popular press. We analyze the underpricing phenomenon for infrastructure, IT, finance, 

miscellaneous manufacturing and the entertainment sector. Due to inadequate number of power 

companies, we did not analyze power sector separately. 

From Figure 2, we can see that the highest number of IPOs came in the month of February (18) 

and March (18) followed by August (14) and October (14). The lowest was in the month of 

November (3). We can see a clustering of IPOs with Feb-April as high IPO months and 

November-January as low IPO months. Hence, we see the cascading effect in IPO issuance, also 

called as ‘hot’ and ‘cold’ periods in the literature (Ritter, 1980). Hot period is where the number 

of IPOs is the highest for the time period considered and cold denotes the period where the 

number of IPOs is the least. But the period considered here is not long enough to investigate the 

hot and cold issues and hence is not considered for further analysis. 
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Sectorwise distribution
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Figure 1: Sector wise distribution of number of IPO issues 

The largest issue in terms of number of shares was 574 million. The highest amount raised was 

91.87 billion. The largest premium was Rs. 262.5. From Table 1, we see that for the overall 

period the average age was 15.2 yrs. For the year 2007, it was 16.3 yrs and for the year 2006 it 

was 14 yrs. The average issue size at issue price for the whole period was Rs. 3.82 billion. For the 

year 2007, it was Rs. 4.14 billion and Rs. 3.42 billion for the year 2006. The overall 

oversubscription was 25.37 i.e. the issues were on the average 25.37 times oversubscribed. For 

the year 2007, it was 30.26 and 19.46 for the year 2006. The average oversubscription for the 

period in the QIB segment, retail, non-institutional and employees segment was 32.42, 12.36, 

35.12 and 1.09 respectively.  

The allotments were made within the range offered. Ten (8.6%) were issued at the lowest price of 

the range, eighteen (15.5%) were issued at the middle of the range and the rest, eighty eight 

(75.9%) at the highest prices of the range. Ex ante this predicts either high degree of underpricing 

or setting the band towards their intrinsic value. 
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Figure 2: Month wise break up IPOs 

 

Table1: Summary Statistics (mean) of the key variables 

 All 2006 2007 

Number of Issues 116 53 63 

Age(yrs) 15.2(13.79) 14(8.11) 16.3(17.29) 

Subs_Total 25.372(28.80) 19.646(21.89) 30.267(32.99) 

Subs_QIBs 32.423(38.20) 26.318(33.43) 37.558(41.37) 

Subs_Retail 12.369(17.38) 9.378(8.44) 14.884(22.06) 

Subs_Non Institutional 35.120(53.88) 27.064(36.57) 41.896(64.50) 

Subs_Employees 1.090(0.77) 0.920(0.54) 1.226(0.90) 

Issue Size (Rs in Crores) 381.683(1052) 342.869(801.53) 414.336(1229) 

Subs_total:  Total oversubscription; Subs_Retail: Oversubscription in the retail segment; Subs_QIBs: Oversubscription 

in the QIBs segment; Subs_Non_Institutional: Oversubscription in the high net worth segment; Subs_Employees: 
Oversubscription in the employees segment. 
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4.2 Underpricing and Long Run Performance 

4.2.1 Underpricing 

Underpricing is the initial return, also termed as excess return on the day of listing. Henceforth in 

the paper, underpricing or adjusted initial return will be used interchangeably. We calculate the 

initial return as following: 

Unadjusted return = ln(Pt/O) 

Pt= Closing price on the listed day 

O= Issue Price  

Adjusted return= ln(Pt/O)- Ln(St/St-1)     

St = Sensex on the listed day, St-1=.Sensex on the previous day 

All calculations are done using the closing prices of the day. The raw return is adjusted using 

BSE Sensex. BSE Sensex is a free floated capitalization index used by the Bombay Stock 

Exchange and is composed of the 30 largest (in terms of market capitalization) and most actively 

traded stocks listed with the Exchange. 

As can be seen in Figure 3, there are 40 companies with negative initial adjusted return. The 

highest adjusted return was 126.6 % and the lowest adjusted return was -52.4%. The underpricing 

for the whole period was 18.8 %. It was 19% for the year 2006 and 18.7% for the year 2007. Note 

that the average adjusted initial return was higher than the average raw return. This means the 

initial IPO returns were more than the BSE Sensex, which is representative of the market. Pandey 

(2005) found 21.26% return on listing for book build IPOs and adjusted return to be11.15% for 

the period 1999-2004.  
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Initial Adjusted Return for 2006-2007
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Figure 3: Initial adjusted return for the period 2006(Jan)-2007 (Oct) 

4.1.2 Long Run Performance 

If the underpricing is due to irrational exuberance then it will revert back in the long run. Ritter 

(1991) studied the long run return for the period 1975-84 and found -29.1% (36 months) CAR. 

Loughran and Ritter (1995) found -26.9% (36 months) CAR for the period 1970-90. Several other 

countries like Germany (Ljungqvist, 1997), UK (Levis, 1993), and China (Chan& Wei, 2001), 

have also registered negative long run return. In India, Pandey (2005) found an average 

cumulative adjusted return of around -30% at the end of 500 days. Hence the cumulative adjusted 

return over long period is used to study the long memory of IPO underpricing in Indian capital 

markets. We calculated average cumulative adjusted return up to 460 days.  

Adjusted long run return (CAR) = ∑ −−− )1/ln()1/ln( StStPtPt  

There were 50 companies with negative long run return (Figure 4). The highest long run adjusted 

return was 175.5%. (4-month return) and the lowest long run adjusted return was -117.03% (9-

month return).  
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Figure 4: Long run (adjusted) returns for the period 2006(Jan)-2007 (Oct) 

The adjusted long term return was 11.5 % for the overall period. It was 13.2% for the year 2006 

and 10% for the year 2007. This means approximately 40% reversion on the average for the 

whole sample. For the year 2006, the reversion was 30.5% and 46.5% for the year 2007. This is 

opposite to what would have been expected. Due to a longer period for the year 2006, more 

reversion would have been expected. This result is unlike what many studies have found. Most 

studies have found negative abnormal returns. In India, while Shah (1995) has reported positive 

long term return, Pandey (2005) has reported negative long run return.  

Our results may be specific to the period considered. The period was a bull period as lot of 

optimism was attached with the Indian Capital markets. Same was the case with the time period 

considered by Shah (1995) that coincided with the period of economic liberalization (1991-1995). 

Our analysis indicates a lot of fluctuations in the return, which is not unidirectional in the long 

term (Figure 5).  From Figure 5 & Table 2, we can see a negative return for the number of trading 

days: 120-450. As of the 459
th
 trading day, we observe a positive return of 10.1% with the 
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number of firms in the sample being eight in number. These may be the good surviving firms 

showing positive returns.  

Table 2: Cumulative adjusted returns 

No of  trading days 

 

CAR No of firms trading 

1 18.9% 112 

20 12.7% 112 

40 8.76% 112 

60 4.8% 106 

80 0.66% 102 

100 1.96% 93 

120 -1.96% 88 

140 -1.77% 81 

180 -10.96% 75 

220 -1.7% 55 

260 -9% 43 

300 -16.2% 33 

340 -20.7% 27 

380 -22.6% 26 

420 -12.25% 20 

459 10.1% 8 

Adjusted long run return
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Figure 5: Cumulative adjusted return 
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4.3 Model for Underpricing 

4.3.1 Age 

Beatty and Ritter (1986) argued that age can be used as a proxy for uncertainty of the IPO. It is 

argued that higher age reduces uncertainty related to the firm. Hence, age should be inversely 

related to underpricing. Boehmer and Ljungqvist (2004) also use age as the proxy for uncertainty 

in the firms’ future profitability. Kaneko and Pettway (2003) studied the effect of age on initial 

returns. They found a negative relationship between the two, which is expected. Loughran and 

Ritter (2003) also found a negative relation between age and initial return. Hence, we take age as 

one of the variables to model underpricing. 

4.3.2 Issue Size 

Beatty and Ritter (1986) and Ibbotson et al. (1994) found that issue size affects the underpricing. 

They found that smaller issues are more underpriced. Kaneko and Pettway (2003) also found a 

negative relation between the issue size and underpricing. In India, Shah (1995) found both very 

small and very large issue sizes having higher initial returns. Pandey and Kumar (2001) found 

that small issues had large returns on the average. Therefore, we consider the issue size as a 

variable for the underpricing model. 

4.3.3 Oversubscription 

Rock (1986) offered a model explaining the reason for IPOs underpricing as the presence of 

informed as well as uninformed investors. Benveniste and Busaba (1997) provide a similar 

argument. To involve more uninformed investors, IPOs are underpriced so as to compensate 

uninformed investors for trading against superior information. Hence, theory says ex ante we 

should expect more underpricing if oversubscription is higher from uninformed investors. 

Oversubscription which is the rationing of the shares (demand in excess of the supply) is the 

proxy for the demand. It can be argued that the retail segments as well as non institutional 

segment serve as proxy for the uninformed investors. Similarly, the institutional segment acts as 

the proxy for the informed investors. Therefore, more the oversubscription in retail segment, 

more the underpricing. Also, if the firm is perceived to be good, the demand for its share will be 
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higher and hence the occurrence of more oversubscription. Therefore higher total 

oversubscription is a signal of underpricing. But it may happen that underwriters favor 

institutional investors and favor them in good IPOs so that we may not then see the relation 

between the retail segment oversubscription and underpricing. 

Aggarwal, Prabhala and Puri (2002) found a positive relation between institutional allocation and 

day one IPO returns. Similarly, Pulliam and Smith (2002) found that underpricing is more where 

institutional subscription is more as compared to retail. Since in India underwriters do not have 

discretionary power of allotment, we cannot say that there is a bias towards institutional investors 

in good IPOs. Hence, we should expect higher underpricing in the issues where oversubscription 

is higher in retail segment, as the theory suggests. In fact, Indian capital market serves as a good 

testing ground for Rock’s model. In India, there is no systematic study on the relation between 

underpricing and oversubscription. We take oversubscription as the variable for the IPO under 

pricing model. 

4.4 Model Specification 

First, we established the correlation matrix to find the relevant variables. From Table 3, we found 

significant correlation between all the subscription variables and the initial adjusted return. 

Indeed, we found a higher correlation between both retail and non-institutional segment and the 

underpricing than between QIBs and underpricing, as predicted by the Rock’s model. 

Table 3: Correlation matrix 

 Adjusted initial return 

Subs_Total
10
 0.61382 (<.0001) 

112 

Subs_Retail 0.62224 (<.0001) 

113 

Subs_QIBs 0.49603 (<.0001) 

113 

Subs_Non_Institutional 0.63129 (<.0001) 

                                                 

10
 Subs_total:  Total oversubscription; Subs_Retail: Oversubscription in the retail segment; Subs_QIBs: 

Oversubscription in the QIBs segment; Subs_Non_Institutional: Oversubscription in the high net worth segment; 

Subs_Employees: Oversubscription in the employees segment; Var_QIB_Retail: Difference between QIBs and retail 
segment. 
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113 

Subs_Employees 0.35705 (0.0026) 

69 

Var_QIB_Retail 0.03380 (0.7223) 

113 

Issue_Size_at_Issue_Price -0.03847 (0.6858) 

113 

Age 0.01352 (0.8880) 

111 

There was a positive correlation between total oversubscription and underpricing. Rock’s model 

also says that as the variance between the informed and uninformed is increased, underpricing 

increases. We used difference between the proportion of QIBs and the retail segment as its proxy 

and found no significant relation between it and the initial return. We did not, contrary to the 

many results cited above, find any significant relation between age and underpricing. Similarly no 

significant relationship was found between issue sizes and underpricing. The sign between the 

issue size and initial return was negative as expected, though insignificant. The sign between the 

age and initial return was positive which is opposite to what was expected, though insignificant.  

Model 

Underpricing =intercept + Subs_total+ Subs_QIB + Subs_Retail+ Subs_Non_Institutional+ 

Subs_Employees 

Since, age and size were not significant, they were dropped from the model. We ran underpricing 

on total oversubscription, oversubscription in the retail, QIBs, non institutional and employees 

segment. We did not find any of the variables to be significant though R
2
 (0.315) was good (Refer 

Appendix 1). This may be due to high multicollinearity between the dependent variables. Hence, 

we checked the correlation between all the variables. It was found that the correlation was very 

high among the variables (Appendix 1).  

4.5:  Sub Sample Properties 

Regression could not give a good estimate of variables. Hence, we divided the sample into 

different sub samples based on the important variables and investigated the characteristics of 

these sub-samples. 
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4.5.1: By Adjusted Initial Return 

The sample was divided into three parts according to the ‘adjusted initial return’. The first part is 

where the ‘adjusted initial return’ <0. The second part is where the ‘adjusted initial return’ >0 

and< 0.5. The third and last part is where ‘adjusted initial return’ > 0.5. Most of the companies 

(95) had initial adjusted return < 0.5 and few (18) had more than 0.5. 

From Table 4, we can see that there was a momentum in the initial negative return i.e. negative 

initial return led to more negative return. Positive initial return on the average remained same in 

the long run. The F test shows that the adjusted long run return was significantly different across 

the three sub-samples. The age first increased with the adjusted initial return and then decreased, 

but the difference is not significant. This is consistent with the result of Table 3, where there is no 

significant correlation between age and the adjusted initial return.  

Table 4: Sub-sample by adjusted initial return 

 

 Adjusted initial 

return <0 

Adjusted initial 

return >0 & <0.5 

Adjusted initial 

return > 0.5 

F-Value 

Adjusted initial 

return 

N 

-0.1497(0.139) 

40 

0.26(0.144) 

55 

0.72(0.243) 

18 

190.72 

(p<.0001) 

Adjusted long 

run return 

N 

-0.373(0.426) 

40 

0.26(0.629) 

55 

0.74(0.558) 

18 

29.13 

(p<.0001) 

Age 

N 

12.9(8.268)  

43 

17.52(18.034) 

55 

13.75(5.915) 

16 

1.48 

(p=0.2328) 

Subs_total 

N 

6.61(9.319) 

43 

33.23(28.86) 

54 

46.60(34.462) 

18 

21.90 

(p<.0001) 

Subs_retail 

N 

3.82(3.55) 

43 

13.32(12.099) 

55 

29.86(32.199) 

18 

18.87 

(p<.0001) 

Subs_QIBs 

N 

8.43(13.176) 

43 

45.56(43.007) 

55 

49.59(35.265) 

18 

17.42 

(<.0001) 

Issue Size at 

Issue Price (Rs. 

Billion) 

N 

2.75(797.664) 

43 

4.95(1295.49) 

55 

2.91(707.494) 

18 

0.60 

(p=0.5486) 

The total oversubscription increased with the adjusted initial return. Hence, more subscription 

was an indication of higher initial adjusted return. The difference between the sub samples was 
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significant. The retail and QIBs oversubscription also increased with the adjusted initial return. 

The difference was significant at 0.01%. 

The issue size at issue price was not significant at different levels of adjusted initial return. This is 

consistent with the result we got in section 4.4.  

4.5.2 By Issue Size at Issue Price 

We divided the sample by issue size at issue price into three parts: small, medium and large issue 

size. Most companies (54) raised small issues. From Table 5, we see that adjusted initial return 

decreased as the issue size increased but the difference was not significant. The long run adjusted 

return was the highest for large issues followed by small issues. Medium size issues had the 

lowest long run adjusted return. This is consistent with Shah (1995). 

Table 5: Sub-sample by issue size at issue price 

 Issue Size at 

Issue Price <Rs. 

1 billion 

Issue Size at 

Issue Price >Rs. 

1 billion and < 

Rs. 2 billion 

Issue Size at 

Issue Price >Rs. 

2 billion 

F-Value 

Issue Size at Issue 

Price (Rs. billion) 

N 

0.64(21.148) 

54 

1.38(29.10) 

29 

11.479(1805.99) 

32 

14.38 

(p<.0001) 

Adjusted initial 

return 

N 

0.204(0.392) 

53 

0.187(21.148) 

28 

0.164(0.256) 

31 

0.16 

(p=0.8544) 

Adjusted long 

run return 

N 

0.118(0.683) 

53 

0.076(0.790) 

28 

0.206(0.465) 

31 

0.31 

(p=0.7373) 

Age 

N 

14.07(6.469) 

52 

13.36(10.758) 

29 

19.068(22.33) 

32 

1.69 

(p=0.1886) 

Subs_total 

N 

17.39(27.163) 

54 

29.95(24.97) 

29 

35.749(31.65) 

31 

4.73 

(p=0.0107) 

Subs_retail 

N 

14.409(22.455) 

54 

13.77(14.056) 

29 

7.994(6.95) 

32 

1.48 

(p=0.2316) 

Subs_QIBs 

N 

17.45(25.73) 

54 

37.05(31.869) 

29 

54.47(49.215) 

32 

11.42 

(p<.0001) 

On the average the more mature firms went for large issues but the difference is not significant. 

Total oversubscription increased with the issue size and the difference across the different issue 

sizes was significant. It is interesting to note that as the issue size increased, oversubscription in 

retail decreased; however, the difference was not significant. QIBs subscribed more to larger 

1833



    

 22

issues. The difference was significant across the issue sizes. Hence, it may be inferred that retail 

segment subscribes more to smaller issues and QIBs subscribe more to larger issues. 

4.5.3 By Total Oversubscription 

We divided the whole sample into three sub-samples according to total oversubscription: low, 

medium and high oversubscription. It can be seen from Table 6 that the majority of the 

companies were either lowly subscribed (51) or highly subscribed (52).   

Table 6: Sub-sample by Subs_total 

 Subs_total <7.5 Subs_total >7.5 

& <15 

Subs_total> 

15 

F-Value 

Subs_total 

N 

3.23(1.71) 

51 

10.98(2.670) 

12 

50.412(25.915) 

52 

97.61 

(p <.0001) 

Adjusted initial 

return 

N 

0.0123(0.306) 

51 

0.019(0.150) 

12 

0.409(0.269) 

50 

28.27 

(p<.0001) 

Adjusted long run 

return 

N 

-0.235(0.632) 

51 

0.218(0.46) 

12 

0.448(0.595) 

50 

16.53 

(p<.0001) 

Age 

N 

12.737(8.712) 

52 

16.93(5.68) 

12 

17.458(18.45) 

50 

1.61 

(p=0.2048) 

Subs_retail 

N 

2.71(1.88) 

52 

7.206(3.86) 

12 

23.219(21.295) 

52 

27.18 

(p<.0001) 

Subs_QIBs 

N 

4.44(6.285) 

52 

13.62(3.984) 

12 

64.74(36.088) 

52 

81.74 

(p<.0001) 

Issue Size at Issue 

Price( Rs. Billion) 

N 

4.35(1446.16) 

52 

2.09(286.13) 

12 

3.68(612.48) 

52 

0.23 

(p=0.7962) 

The adjusted initial return increased with total oversubscription and the difference is significant 

between low (<7.5), medium (>7.5 & <15) and high (>15). Same holds for adjusted long run 

return. It was observed that the more mature companies were more subscribed but the difference 

was not significant across the various levels of oversubscription. Both in retail and QIBs segment, 

oversubscription increased with the total subscription. The difference was significant for both 

retail and QIBs.  The total oversubscription was least in the largest issues. This is contrary to 

what we got in section 4.5.2. This can be due to mix of range of large issues.  Here all the three 

categories have average more than Rs. 2 billion. In section 4.5.2, the large issues were issues 

more than Rs. 2 billion, which would include the mix of all the three categories here. The 

difference here is not significant and hence the conclusion of section 4.5.2 remains.  
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4.5.4 By Retail Oversubscription 

We divided the whole sample into three parts by oversubscription in the retail segment. The 

division is same as total oversubscription: low (<7.5), medium (>7.5 & <15) and high (>15). 

Most companies (64) had less retail oversubscription. The higher the oversubscription in the retail 

segment more was the underpricing. This is consistent with Rock’s (1986) model 

Table 7: Sub-sample by Subs_retail 

 

 Subs_retail <7.5 Subs_retail >7.5 

& <15 

Subs_retail> 

15 

F-Value 

Subs_retail 

N 

3.070(1.985) 

64 

11.37(2.269) 

22 

32.934(23.610) 

30 

62.38 

(p<.0001) 

Adjusted initial 

return 

N 

0.026(0.29) 

63 

0.24(0.215) 

20 

0.494(0.27) 

30 

29.70 

(p<.0001) 

Adjusted long 

run return 

N 

-0.091(0.66) 

63 

0.295(0.47) 

20 

0.429(0.69) 

30 

7.66 

(p=0.0008) 

Age 

N 

14.67(14.03) 

64 

16.08(8.58) 

22 

15.91(16.68) 

28 

0.13 

(p=0.8810) 

Subs_total 

N 

7.056(11.068) 

63 

39.13(23.109) 

22 

53.74(30.12) 

30 

61.35 

(p<.0001) 

Subs_QIBs 

N 

10.64(19.513) 

64 

57.485(39.89) 

22 

60.49(38.35) 

30 

38.28 

(p<.0001) 

Issue Size at 

Issue Price( Rs. 

Billion) 

N 

4.80(1363.53) 

64 

4.16(575.60) 

22 

1.46(166.66) 

30 

1.05 

(p=0.3548) 

The long run adjusted return was more in higher subscribed companies and the difference was 

significant. Age was not different across different levels of oversubscription in the retail segment. 

Hence, retail investors subscribed to all companies irrespective of their age. As expected, total 

oversubscription and oversubscription in the QIBs segment increased with more retail 

oversubscription. The difference across various levels: low, medium and high was significant. 

This implies, that on the average, QIBs and retail subscribed in similar way. Larger issues were 

least subscribed by retail segment. However, the difference is not significant across low, medium 

and high retail oversubscription. This is consistent with section 4.5.2.  

4.5.5 By QIBs Oversubscription 

1835



    

 24

We divided the whole sample into three sub-samples by oversubscription in QIBs segment. The 

division is same as the total oversubscription and the retail segment: low (<7.5), medium (>7.5 & 

<15) and high (>15). Most of the companies were either lowly subscribed (46) or highly 

subscribed (56). Low and medium QIBs subscription had almost same adjusted initial return. 

Highly subscribed QIBs had much higher adjusted initial return. The difference is significant.  As 

the level of oversubscription increased in the QIBs, adjusted long run return improved. This 

means that QIBs have private information and they subscribed to better companies, the ones that 

perform better in the long run. 

Age was not significantly different across the level of QIBs oversubscription. This means that 

like retail investors, institutional investors also invested in all types of firms- young or and old. 

As expected, QIBs and retail invested in similar manner and hence total oversubscription and 

retail oversubscription increased with oversubscription in QIBs segment. The issue size was not 

significant across different QIBs oversubscription level. This result is inconsistent with section 

4.5.2. The reasons are similar to that of total over subscription’s inconsistency as mentioned 

section 4.5.2.  

Table 8: Sub-sample by Subs_QIBs 

 Subs_QIBs<7.5 Subs_QIBs >7.5 

& <15 

Subs_QIBs> 

15 

F-Value 

Subs_QIBs 

N 

2.970(2.094) 

46 

10.66(2.09) 

14 

62.056(36.16) 

56 

74.93 

(p <.0001) 

Adjusted initial 

return 

N 

0.014(0.32) 

45 

0.013(0.135) 

14 

0.380(0.28) 

54 

22.85 

(p<.0001) 

Adjusted long 

run return 

N 

-0.24(0.649) 

45 

-0.062(0.54) 

14 

0.459(0.56) 

54 

17.77 

(p<.0001) 

Age 

N 

12.95(8.89) 

46 

15.848(6.66) 

14 

17.04(17.88) 

54 

1.11 

(p=0.3341) 

Subs_total 

N 

2.898(1.45) 

46 

9.0612(3.36) 

14 

48.320(26.67) 

55 

81.01 

(p<.0001) 

Subs_retail 

N 

2.781(1.92) 

46 

7.584(9.78) 

14 

21.440(20.97) 

56 

20.20 

(p <.0001) 

Issue Size at 

Issue Price( Rs. 

Billion) 

N 

4.14(1528.00) 

46 

3.09(422.39) 

14 

3.73(598.42) 

56 

0.06 

(p=0.9460) 
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5.  Sector Wise Analysis  

Ritter (2003) pointed out that IPOs tend to go public in industry specific waves. Pandey (2005) 

studied the IT sector for the period 1999- 2004. In this section we examine industry wise 

performance of IPOs.  

5.1 Money Left on the Table 

From Figure 6, it can be seen that the maximum money was left by the Power companies (Rs. 

6.88 billion) followed by followed by Petroleum companies (Rs. 5.81 billion) on the average. The 

lowest was Rs. (1.45) billion (airlines). In other words the companies benefited by the amount 

indicated in brackets. Power and petroleum are hot sectors (good sectors) and would be expected 

to have higher underpricing. Good sector implies that it has many good firms that are likely to opt 

for IPOs and can therefore earn good price for their firm. Knowing the prospects of good sector, 

many bad firms would want to ride the tide by entering the market. To differentiate themselves 

from bad firms or to enter the separating equilibrium, good firms take more underpricing. This is 

called signaling by underpricing in the IPO market. This model is explained by Allen and 

Faulhaber (1989).  
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Money left on the table
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Figure 6: Sector wise money left by the firms 

5.2 Sector Wise Age Distribution 

From Figure 7, it can be observed that the oldest firm was from the logistic sector (45.8 yrs). 

There was only one firm in logistic so we looked for the next oldest. On the average finance 

companies (33.6 yrs) were the oldest. The youngest were the entertainment companies (6.55 yrs). 

There was no consistency in the sector age i.e. good as well as bad sector had the same age on the 

average. Some of the good sectors demonstrated both more age and less age. Same holds for bad 

sectors. Therefore, no significant relation could be inferred between age and underpricing for our 

sample. This is consistent with the result we found in section 4.3. 
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Figure 7: Sector wise age distribution 

5.3 Sector Wise Issue Size 

From Figure 8, petroleum companies had the largest issue size (Rs. 15.36 billion) on the average 

followed by power companies (Rs.15.27 billion). Infrastructure was the next largest issuer of 

IPOs. This is consistent with the fact that these are the booming sectors. Given this, they would 

need huge capital investments, and more IPOs are expected. The smallest issue size was for the 

mining sector. Good sector firms should leave more money on the table to enter separating 

equilibrium as explained in section 5.1. The separating equilibrium is evident from the high 

variance present in power companies (2060.52) and petroleum (1645.72). Findings of section 5.1 

& 5.3 are therefore consistent.  
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Figure 8: Sector wise issue size at issue price 

5.4 Sector wise oversubscription 

Figure 9 shows that in all categories of subscription: retail, QIBs and non institutional, education 

had the highest oversubscription. But there was only one company in this category, so we move 

on to see the next highest.  

In retail category, excluding hotels (since this was also a one firm sector), IT was the most 

subscribed one, followed by the garment industry. The result is not consistent with what was 

expected. A good sector would be expected to attract more demand and hence higher over 

subscription. But we do not see the same trend here. One possible reason is that over subscription 

should not be seen in isolation. When considering oversubscription we need to adjust for issue 

size, because if the issue size is huge, there are lesser chances of huge oversubscription. We have 

seen in section 5.3, all good sectors on the average have larger issue size; this may be the reason 

for less over subscription. Further, retail investors have a tendency to invest more in smaller 

issues.  
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In the QIBs category, excluding communication sector, petroleum companies had the highest 

subscription. This is consistent with the fact that petroleum is a good sector and QIBs are 

informed investors.  For the non institutional category too, petroleum companies had the 

maximum over subscription (excluding communication sector).  
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Figure 9: Sector wise oversubscription 

5.5 Sector wise total oversubscription and variance between retail and QIBs 

Figure 10 shows that the maximum over total subscription was for petroleum companies 

(excluding education and naukri industry). This is consistent with the fact that petroleum 

companies left second highest money on the table and was hugely underpriced (section 5.1). 

Since the sector is good, on the average the total oversubscription should be good. The petroleum 

industry was followed by the power industry. This is consistent with section 5.2 as well.  

The variance between QIBs and the retail sector was highest for the power sector, which is 

consistent with section 5.1. Rock (1986) argued that more variance should lead to more 

underpricing. Sector wise the result is consistent with all the good sectors (power, petroleum, 

finance, etc) that had high variance. But at the aggregate level (section 4.3), it did not emerge as 

significant. 
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Figure 10: Sector wise variance of oversubscription between retail and institutions 

5.6 Sector Wise Raw Initial Return, Adjusted Initial Return and Cumulative Adjusted 

Return 

From Figure 11, it can be inferred that the initial return and the adjusted return was highest 

(education, energy and naukri excluded due to lack of enough data points) for power and 

petroleum companies. This is consistent with sections 5.1, 5.4 and 5.5. The same pattern holds for 

the cumulative adjusted return on the average. As expected all good sectors had positive initial 

return and all bad sectors like textile had negative initial returns.  

In the short run, we expect to see more underpricing in good sectors and less reversion in the long 

term. To check this out, we found out cumulative adjusted return for five industries: 

infrastructure, IT, financial, entertainment and miscellaneous manufacturing.  Figure 12 show that 

infrastructure had a positive cumulative return after 200 trading days. This is expected since this 

is a good or booming sector. Figure 13 shows IT sector had a cumulative negative return after 290 

trading days. Similar result was obtained by Pandey (2005) for the IT sector. 

From Figure 14 we can see that financial sector had positive long run return. Figure 15 shows that 

entertainment sector too had positive cumulative adjusted return. Figure 16 shows that 

miscellaneous manufacturing had cumulative adjusted return negative for most times but picked 

up towards the end. This may be an outlier and we assume negative return for miscellaneous 
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manufacturing. Miscellaneous manufacturing was largest in number and be driving the aggregate 

cumulative adjusted return for the whole sample (Figure 5). Figure 5 and Figure 16 look similar 

and pick up, i.e. enter into positive return domain, around the same time.  
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Figure 11: Sector wise return 
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Figure 12: Cumulative adjusted return for ‘Infrastructure sector’ 
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Cumulative Adjusted Return for IT Sector
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Figure 13: Cumulative adjusted return for ‘IT sector’ 

Cumulative Adjusted Return for Financial Sector
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Figure 14: Cumulative adjusted return for ‘Financial sector’ 

1844



    

 33

Cumulative Adjusted Return for Entertainment Sector
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Figure 15: Cumulative adjusted return for ‘Entertainment sector’ 

Cumulative Adjusted Return for Misc Manufacturing Sector
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Figure 16: Cumulative adjusted return for ‘Miscellaneous Manufacturing Sector’ 
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6. Summary 

IPO underpricing is a world wide phenomenon that refers to the initial return on the listing of the 

firm. This underpricing is caused due to information asymmetry between the issuing firm, 

underwriters and investors. Among investors also, there are two categories: informed investors 

and uninformed investors. This divide further increases the information asymmetry. Each party 

values the firm according to their information, which leads to different price for the issuing firm. 

The absence of better price discovery leads to underpricing.  

The detailed analysis of IPO underpricing for the Indian Capital Markets was carried out for the 

period Jan, 2006 – Oct, 2007. The adjusted initial return for the period was found to be high and 

the long run adjusted return found to be fluctuating. There was some (~ 40%) reversion (but not 

full reversion) in the initial adjusted return in the long run.  

Variables which affect underpricing were identified from the theory and other empirical works, 

and were tested for Indian Capital markets. The first variable considered was age. The 

relationship found between age and underpricing was positive, which is opposite to what was 

expected. But the relationship was found to be insignificant. It was found that investors did not 

look at the age of the company when they subscribed for a company. Underpricing was same for 

young and old companies. The second variable was issue size at issue price. The relationship as 

expected was found to be negative but insignificant. Thus, as the size of the issue increased, 

underpricing decreased. Next, we found the relationship between oversubscription and 

underpricing. The result was as expected with each oversubscription variable positively related to 

underpricing, all of which were significant. India serves as a good testing ground for Rock’s 1986 

model (winner’s curse). Our results provided support for the model. 

In the absence of good regression results, we divided the samples into sub samples by adjusted 

initial return, issue size at issue price, total oversubscription, oversubscription in retail segment, 

and oversubscription in QIBs segment. It was found that more mature firms went for large issues, 

on the average. The long run adjusted return was highest for large issues followed by small 

issues. Shah (1995) reports similar results where large and small issues did better than medium 

issues in the long run. As the issue size increased, oversubscription in retail decreased and 

oversubscription in QIBs also increased. The difference was highly significant. On the average, 

underpricing increased with increase in both retail and QIBs oversubscription. It is observed that 
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wherever QIBs subscription was more, long run performance was better. This is expected as QIBs 

are informed investors. 

Lastly, sector wise analysis of underpricing phenomenon was also conducted. It was found that 

good sectors had higher underpricing than bad ones. In fact, some of the bad ones reported 

negative underpricing. But in the long run, good sectors performed better and reported positive 

cumulative adjusted returns. As expected, sectors doing well came up with larger issues as 

compared to sectors not doing well. Contrary to expectations, good sectors were not the ones with 

higher oversubscriptions. One possible reason is that oversubscription should not be seen in 

isolation but should be seen along with issue size at issue price. As good sectors come up with 

large issues, lower oversubscription is expected. 

An area for further research is the study of quality of lead underwriters and the underpricing in 

Indian Capital Markets. Though this study has been carried out extensively in other parts of the 

world, no research has been done in India. Another interesting area is to study the relationship of 

rating of the company with underpricing. It is observed that unrated companies get better opening 

that companies which go for rating that get average or below. Hence, it will be interesting to 

study the pattern of underpricing and companies’s rating and effect on investors’ behavior.  

Further, the issue of ‘hot’ and ‘cold’ issues has not been explored in India. IPOs have been seen 

in clusters, also called as IPO markets swings. The literature on IPOs provides a wide variety of 

explanations to justify these swings. It is important to empirically test these explanations to 

understand the nature of Indian IPO markets, and would provide a future avenue for research. 
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Appendix 1 

Table 1: Results from OLS regression 

Variable DF 

Parameter 

Estimate 

Standard 

Error t Value Pr > |t| 

Intercept 1 -0.00071227 0.07056 -0.01 0.9920 

Subs_Retail 1 0.00131 0.00803 0.16 0.8710 

Subs_QIBs 1 -0.00631 0.01109 -0.57 0.5716 

Subs_Non_Institutional 1 0.00120 0.00307 0.39 0.6982 

Subs_Employees 1 0.05321 0.05488 0.97 0.3362 

Subs_total 1 0.01163 0.02117 0.55 0.5850 

Subs_total:  Total oversubscription; Subs_Retail: Oversubscription in the retail segment; Subs_QIBs: Oversubscription 

in the QIBs segment; Subs_Non_Institutional: Oversubscription in the high net worth segment; Subs_Employees: 
Oversubscription in the employees segment. 

 

 

Table 2: Correlation matrix between subscription variables 

 Subs_Retail Subs_QIBs Subs_Non_Institutional Subs_Employees Subs_total 

Subs_Retail 

Subs_Retail 

1.00000 

 

116 

0.47635 

<.0001 

116 

0.82212 

<.0001 

116 

0.39007 

0.0008 

70 

0.72983 

<.0001 

115 

Subs_QIBs 

Subs_QIBs 

0.47635 

<.0001 

116 

1.00000 

 

116 

0.68202 

<.0001 

116 

0.54927 

<.0001 

70 

0.93865 

<.0001 

115 

Subs_Non_Institutional 

Subs_Non Institutional 

0.82212 

<.0001 

116 

0.68202 

<.0001 

116 

1.00000 

 

116 

0.45762 

<.0001 

70 

0.85675 

<.0001 

115 

Subs_Employees 

Subs_Employees 

0.39007 

0.0008 

70 

0.54927 

<.0001 

70 

0.45762 

<.0001 

70 

1.00000 

 

70 

0.56805 

<.0001 

69 

Subs_total 

Subs_total 

0.72983 

<.0001 

115 

0.93865 

<.0001 

115 

0.85675 

<.0001 

115 

0.56805 

<.0001 

69 

1.00000 

 

115 

Subs_total:  Total oversubscription; Subs_Retail: Oversubscription in the retail segment; Subs_QIBs: Oversubscription 

in the QIBs segment; Subs_Non_Institutional: Oversubscription in the high net worth segment; Subs_Employees: 
Oversubscription in the employees segment. 

1851



1 

 

 

Some Results on the Rational Lognormal Model and its Jump Extension 

 

Peter T. O’Brien∗ 

University of Western Sydney 

 

David B. Colwell 

University of New South Wales 

 

 

 

 

 

 

Paper Date:  25 August 2008 

 

 

Abstract 

We extend the (Rutkowski formulation of the) Flesaker and Hughston (FH) Model for the 

term structure, which guarantees non-negative interest rates and exactly fits the current 

yield curve, by allowing the martingale to follow a jump-diffusion process, rather than just 

a diffusion process.  We derive the change of measure that guarantees the family of bond 

prices is arbitrage-free and show how to price options with the jump-diffusion version of 

the FH model.  We also derive some new results for the diffusion version of the FH model, 

show that Bermudan swaptions are quite tractable with this approach, and show that 

some criticisms of the model may not be significant in actual applications. 
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Some Results on the Rational Lognormal Model and its Jump Extension 

 

1.  Introduction 

In this paper we begin by looking at the Flesaker and Hughston (FH) (1996) model for the 

term structure, following the Rutkowski (1997) formulation of the FH model.  This model 

has many desirable properties.  In particular, it guarantees non-negative interest rates, is 

constructed to exactly fit the current yield curve, and the model is well-suited to the 

pricing of interest-rate products such as caps and swaptions.  One of the appealing features 

of the FH model is that you can price both of these consistently with the same underlying 

dynamics (whereas models such as Brace-Gatarek-Musiela (BGM) (1997) have a problem 

in that it is incompatible to have lognormal forward rates and lognormal swap rates in the 

models that they use to get their prices).  In section 2 we present an overview of the FH 

model and in section 3 consider the version known as the rational lognormal model.  In 

section 4 we derive the dynamics of the short rate under both the original probability 

measure and the risk-neutral measure.  In section 5 we discuss bounds for the bond prices 

and short rate and show that some criticisms of the model with respect to the bounds may 

not be significant in actual applications.  In section 6 we derive the dynamics of zero-

coupon bond prices in the FH rational lognormal model and compare them to the HJM 

model.  In section 7 we then extend the FH model by assuming that the martingale follows 

a jump-diffusion process, rather than a diffusion process.  This is desirable since empirical 

studies (for example, Das (2002), Johannes (2004)) indicate that jumps are an important 

component of interest rate dynamics.  In this context we find the change of measure that 

guarantees the family of bond prices is arbitrage-free.  Finally, in section 8, we present 

some examples of option pricing in the FH model, valuing caps, swaptions, and Bermudan 

swaptions, and also look briefly at option pricing with the jump-diffusion version of the FH 

model. 

 

 

2.  Flesaker-Hughston (FH) Model 

We consider a version of the FH model known as the rational model (due to the form of 

the bond prices).  Suppose that tA , *0,t T⎡ ⎤∈ ⎣ ⎦ , is a strictly positive supermartingale, 

defined on a filtered probability space ( ), ,Ω F P , with 0 1A = , given by: 

( ) ( )t tA f t g t M= +       (1) 

where *, : 0,f g T +
⎡ ⎤ →⎣ ⎦ R  are strictly positive decreasing functions, and M  is a strictly 

positive martingale, with 0 1M = . 
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For any maturity *0,T T⎡ ⎤∈ ⎣ ⎦ , the bond price ( , )B t T  is specified by means of the pricing 

formula: 

( )1( , ) t T tB t T A A−= PE F    [ ]0,t T∀ ∈     (2) 

We have 

( ) ( )
( , )

( ) ( )
t

t

f T g T M
B t T

f t g t M
+

=
+

   [ ]0,t T∀ ∈     (3) 

for any maturity *0,T T⎡ ⎤∈ ⎣ ⎦ . 

To match the initial yield curve, it is sufficient to choose strictly positive decreasing 

functions f  and g  in such a way that for all *0,T T⎡ ⎤∈ ⎣ ⎦ : 

(0, ) ( ) ( )B T f T g T= +      (4) 

 

2.1  Risk-Neutral Valuation Formula 

For any probability measure *P  on ( )*,
T

Ω F , equivalent to P , we write 

*

*

T

d
d

η=
P
P

   -a.s.P       (5) 

so that 

( )*

*

t t tT

d
d

η η= = P
P E
P
F F    *0,t T⎡ ⎤∀ ∈ ⎣ ⎦     (6) 

 

We have the following (Lemma 16.5.1 in Musiela and Rutkowski (1997, p.412)). 

Proposition 1:  Let *P  be an arbitrary probability measure equivalent to P .  Define the 

process B  by setting 
1

t t tB Aη −=    *0,t T⎡ ⎤∀ ∈ ⎣ ⎦      (7) 

where tη  is given by (6). 

Then for any maturity *0,T T⎡ ⎤∈ ⎣ ⎦  we have 

( ) ( )*
1 1( , ) t T t t T tB t T A A B B− −= =P PE EF F    [ ]0,t T∀ ∈    (8) 

 

2.2  Absence of Arbitrage 

We follow Rutkowski (1997) and say that the model is arbitrage-free if there exists a 

probability measure *P  equivalent to P  such that the corresponding process 1
t t tB Aη −=  

(from (7)) is of finite variation (actually, an increasing process).  In this case, B  can be 

identified as an implied savings account, and we are back in the traditional framework (i.e. 

each bond discounted by the savings account follows a martingale under the risk-neutral 

probability measure *P ). 

We have the following proposition (Proposition 16.5.1 in Musiela and Rutkowski (1997, 

p.412)). 
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Proposition 2:  Let A  be a strictly positive supermartingale.  Then there exists a unique 

strictly positive martingale η , with 0 1η = , such that the process 1
t t tB Aη −=  is an 

increasing process.  The family ( , )B t T  of bond prices defined by equation (2) is arbitrage-

free, and the arbitrage price ( )t Xπ  of any attainable contingent claim X  which settles at 

time T  equals 

( ) ( )*
1 1( )t t T t t T tX B XB A XAπ − −= = PPE EF F    [ ]0,t T∀ ∈   (9) 

where the probability measure *P  is given by formula (5). 

 

The proof of Proposition 2 relies on the following (see Theorem 6.19 in Jacod (1979)). 

Proposition 3:  Let A  be a strictly positive supermartingale, with 0 1A = .  Then there 

exists a unique pair ( ),M C  of stochastic processes such that A MC= , the process M  is a 

local martingale, with 0 1M = , and C  is a strictly positive, decreasing process, with 

0 1C = . 

 

To get explicit valuation formulas we need to further specify the model.  We do this by 

making assumptions on the martingale M . 

 

 

3.  FH Rational Lognormal Model 

We assume that M  solves the SDE 

t t t tdM M dWσ=       (10) 

with 0 1M = , for some deterministic function *: 0,t Tσ ⎡ ⎤ →⎣ ⎦ R , where W  is a one-

dimensional standard Brownian motion on ( ), ,Ω F P , with W=F F . 

Put another way, we assume that 

2

0 0

1
exp

2

t t

t u u uM dW duσ σ
⎛ ⎞⎟⎜= − ⎟⎜ ⎟⎜⎝ ⎠∫ ∫      (11) 

We also assume that the functions f  and g  are differentiable. 

We can define a new probability measure *P  on ( )*,
T

Ω F  equivalent to P  by means of the 

Radon-Nikodym derivative 
*

2

0 0

1
exp

2

t t

t t u u u

d
dW du

d
η γ γ

⎛ ⎞⎟⎜= = − ⎟⎜ ⎟⎜⎝ ⎠∫ ∫
P
P
F    (12) 

for a certain adapted process γ . 

Then, 

t t t td dWη η γ=       (13) 

Consider the process tB  (associated with tA ) defined by 
1

t t tB Aη −=    *0,t T⎡ ⎤∀ ∈ ⎣ ⎦      (14) 
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Rutkowski (1997) finds the unique measure *P  for which the process tB  is increasing, and 

hence the market is arbitrage-free. 

The process γ  given by 

( ) t t
t

t

g t M
A
σ

γ =    *0,t T⎡ ⎤∀ ∈ ⎣ ⎦     (15) 

gives the unique right choice of *P . 

Let  ( , ) log ( , )f t T B t T
T
∂

= −
∂

,  so that 

( ) ( )
( , )

( ) ( )
t

t

f T g T M
f t T

f T g T M

′ ′+
= −

+
    (16) 

Then 

( ) ( )
( , )

( ) ( )
t

t
t

f t g t M
f t t r

f t g t M

′ ′+
= − =

+
    (17) 

and we have 0tr ≥   for all *0,t T⎡ ⎤∈ ⎣ ⎦  

 

 

4.  The Dynamics of the short-rate in the FH Rational Lognormal Model 

Rutkowski (1997) suggested that it might be interesting to consider the dynamics of the 

short-rate under both the original and risk-neutral measures.  In this section we derive 

these dynamics.  Both these derivations are new to the literature (although the result 

under the original measure can be derived from a result in Burnetas and Ritchken (1997)). 

 

The following proposition gives the dynamics of the short-rate tr  in terms of functions f  

and g  (and their derivatives), the deterministic function tσ , and tr , under the original 

probability measure P . 

 

Proposition 4:  Suppose: 

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

t t

t t

a r f t f t r

b r g t g t r

c t f t g t f t g t

′= +

′= +

′ ′= −

     (18) 

Then, we have that: 
2

2 2( ) ( ) ( ) ( ) ( ) ( ) ( )
( ) ( )

( ) ( ) ( )
t t t t t

t t t t t t

a r g t a r f t b r a r b r
dr r b r g t dt dW

c t c t c t
σ σ

⎧ ⎫⎪ ⎪⎛ ⎞ ′′ ′′−⎪ ⎪⎟⎪ ⎪⎜ ⎟= + + +⎜⎨ ⎬⎟⎜ ⎟⎜⎪ ⎪⎝ ⎠⎪ ⎪⎪ ⎪⎩ ⎭
 (19) 

 

Proof:  We have from (17) that the “short-rate” r  is given by: 

( ) ( )
( ) ( )

t
t

t

f t g t M
r

f t g t M

′ ′+
= −

+
   *0,t T⎡ ⎤∀ ∈ ⎣ ⎦     (20) 
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That is 

t
t

t

H
r

A
=       (21) 

where 

( ) ( )t tH f t g t M⎡ ⎤′ ′= − +⎣ ⎦      (22) 

and 

( ) ( )t tA f t g t M= +       (23) 

Using the Ito product rule we have: 

( ) ( )1 1 1 1,t t t t t t t t
dr d H A A dH H d A d H A− − − −= = + +    (24) 

We work out each of the three terms tdH , ( )1
td A−  and 1,

t
d H A−  below. 

Firstly, 

( ) ( ) ( )t t tdH f t g t M dt g t dM⎡ ⎤′′ ′′ ′= − + −⎣ ⎦     (25) 

Then, using (10) we have 

( ) ( ) ( )t t t t tdH f t g t M dt g t M dWσ⎡ ⎤′′ ′′ ′= − + −⎣ ⎦    (26) 

Now, 

[ ]( ) ( ) ( ) ( ) ( ) ( )t t t t tdA f t dt d g t M f t dt g t dtM g t dM g t dtdM′ ′ ′ ′= + = + + +   (27) 

Thus, 

( ) ( ) ( )t t t t tdA f t g t M dt g t M dWσ⎡ ⎤′ ′= + +⎣ ⎦     (28) 

So, using Ito’s Lemma we obtain 

( )1 2 3 2 2 2( )t t t t t td A A dA A g t M dtσ− − −= − +     (29) 

Then, using (28) we get 

( ) { }1 2 1 2 2 2( ) ( ) ( ) ( )t t t t t t t t td A A f t g t M A g t M dt g t M dWσ σ− − −⎡ ⎤′ ′= − + − +⎣ ⎦   (30) 

This gives: 

( )1 1 2 2 2, ( ) ( )t t t t tt
d H A dH d A A g t g t M dtσ− − − ′= =     (31) 

(since we have that 0dtdt =  and 0tdtdW =  and t tdWdW dt= ) 

Then, substituting (26), (30) and (31) into (24) we get 

{ }
{ }

1

2 1 2 2 2

2 2 2

( ) ( ) ( )

( ) ( ) ( ) ( )

( ) ( )

t t t t t t

t t t t t t t t t

t t t

dr A f t g t M dt g t M dW

A H f t g t M A g t M dt g t M dW

A g t g t M dt

σ

σ σ

σ

−

− −

−

⎡ ⎤′′ ′′ ′= − + −⎣ ⎦
⎡ ⎤′ ′− + − +⎣ ⎦

′+

  (32) 

Then, using (21) and (22) we have 

{ }2 1 1 2 2 2

1

( ) ( ) ( ) ( ) ( )

( ) ( )

t t t t t t t t t

t t t t t

dr r A f t g t M A g t g t r g t M A dt

g t g t r M A dW

σ

σ

− − −

−

⎡ ⎤′′ ′′ ′= − − + +⎣ ⎦
⎡ ⎤′− +⎣ ⎦

  (33) 

But, (20) implies that 

( ) ( )
( ) ( )

t
t

t

f t f t r
M

g t g t r

′ +
= −

′ +
     (34) 
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which gives: 

( ) ( ) ( ) ( )
( ) ( )t

t

f t g t f t g t
A

g t g t r

′ ′−
=

′ +
     (35) 

Combining (34) and (35) we see that 

1 ( ) ( )
( ) ( ) ( ) ( )

t
t t

f t f t r
M A

f t g t f t g t
− ′ +

= −
′ ′−

    (36) 

Then, using (35) with (18) we have: 

1 ( )
( )

t
t

b r
A

c t
− =       (37) 

And, using (36) with (18) we have: 

1 ( )
( )

t
t t

a r
M A

c t
−− =      (38) 

Then using (18), (37) and (38) we can write (33) as: 
2

2 2( ) ( ) ( ) ( ) ( ) ( ) ( )
( ) ( )

( ) ( ) ( )
t t t t t

t t t t t t

a r g t a r f t b r a r b r
dr r b r g t dt dW

c t c t c t
σ σ

⎧ ⎫⎪ ⎪⎛ ⎞ ′′ ′′−⎪ ⎪⎟⎪ ⎪⎜ ⎟= + + +⎜⎨ ⎬⎟⎜ ⎟⎜⎪ ⎪⎝ ⎠⎪ ⎪⎪ ⎪⎩ ⎭
   

 

The following proposition gives the dynamics of the short-rate tr  under the risk-neutral 

probability measure *P . 

 

Proposition 5:  The dynamics of tr  under the risk-neutral probability measure *P  are given 

by: 

2 *( ) ( ) ( ) ( ) ( ) ( )
( ) ( )

t t t t
t t t t

g t a r f t b r a r b r
dr r dt dW

c t c t
σ

⎧ ⎫′′ ′′⎪ ⎪−⎪ ⎪= + +⎨ ⎬⎪ ⎪⎪ ⎪⎩ ⎭
   (39) 

 

Proof:  By Girsanov’s Theorem, we have that 
*

t t tdW dW dtγ= −       (40) 

where from (15): 
1( )t t t tg t M Aγ σ −=       (41) 

Then, using (38) with (40) and (41) we have 

* ( )
( )

( )
t

t t t
a r

dW dW g t dt
c t

σ= −     (42) 

Thus 
2

* 2( ) ( ) ( ) ( ) ( )
( ) ( )

( ) ( ) ( )
t t t t t

t t t t t t

a r b r a r b r a r
dW dW b r g t dt

c t c t c t
σ σ σ

⎛ ⎞⎟⎜ ⎟= −⎜ ⎟⎜ ⎟⎜⎝ ⎠
   (43) 

Combining (43) with (19) gives: 

2 *( ) ( ) ( ) ( ) ( ) ( )
( ) ( )

t t t t
t t t t

g t a r f t b r a r b r
dr r dt dW

c t c t
σ

⎧ ⎫′′ ′′⎪ ⎪−⎪ ⎪= + +⎨ ⎬⎪ ⎪⎪ ⎪⎩ ⎭
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5.  Bounds for Bond Prices and the Short Rate 

In this section we look at upper and lower bounds for bond prices and the short rate in the 

FH rational lognormal model and show that these are not as restrictive as some authors 

have argued. 

For each  and t T  we have that 

( ) ( )
( , )

( ) ( )
f T g T

B t T
f t g t

≤ ≤    or   
( ) ( )

( , )
( ) ( )

g T f T
B t T

g t f t
≤ ≤   (44) 

Similarly, for each t  we have that 

( ) ( )
( ) ( )t

f t g t
r

f t g t
′ ′

− ≤ ≤ −    or   
( ) ( )
( ) ( )t

g t f t
r

g t f t
′ ′

− ≤ ≤ −   (45) 

It has been argued by some authors (eg Cairns (2004)) that the bounds given in (45) limit 

the usefulness of the FH model.  However, we now demonstrate that in practice these 

bounds may not be that restrictive. 

The functions f  and g  are assumed to have the following properties: 

(i) ( ) 0f t >  and ( ) 0g t >  for all *0,t T⎡ ⎤∈ ⎣ ⎦  

(ii) ( ) 0f t′ ≤  and ( ) 0g t′ ≤  for all *0,t T⎡ ⎤∈ ⎣ ⎦  

(iii) (0, ) ( ) ( )B t f t g t= +  for all *0,t T⎡ ⎤∈ ⎣ ⎦  

Note that (iii) implies that we may choose g  and then define f  by: 

( ) (0, ) ( )f t B t g t= −       (46) 

Suppose that1 

( )
0

( )
g t
g t
′

− =        (47) 

Then, for all *0,t T⎡ ⎤∈ ⎣ ⎦ : 

( )g t K=        (48) 

where K  is a strictly positive constant. 

Then (46) gives us that for all *0,t T⎡ ⎤∈ ⎣ ⎦ : 

( ) (0, )f t B t K= −       (49) 

To satisfy condition (i) this means that we need 

(0, )B t K>  for all *0,t T⎡ ⎤∈ ⎣ ⎦     (50) 

This would generally be impossible2 if *T → ∞ , however in practice the value of *T  is 

actually quite small.  For example, the horizon date when considering the normal bond 

market in Australia is of the order of 10 years.  We shall look at a numerical example 

where we take * 10T =  so as to cover all bonds up to the maximum maturity of 10 years. 

                                                 
1  We do this so that our lower bound is actually zero (as we would like). 
2  If the initial yield curve was flat with a constant interest rate of zero then this would hold. 
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Using (49) we find that3 

( ) (0, ) (0, )f t f t B t′ = −      (51) 

This implies that 

( ) 0f t′ ≤        (52) 

Thus, provided condition (50) holds, all our requirements for f  and g  given in conditions 

(i)-(iii) are satisfied. 

The upper bound for tr  given by (45) is: 

( ) (0, ) (0, )
( )

( ) (0, )
f t f t B t

h t
f t B t K
′

≡ − =
−

    (53) 

Note that 

0(0)
1

r
h

K
=

−
       (54) 

and that 
* *

*
*

(0, ) (0, )
( )

(0, )
f T B T

h T
B T K

=
−

     (55) 

For concreteness, let us suppose that the initial yield curve is flat: 

(0, )f t R=    *0,t T⎡ ⎤∀ ∈ ⎣ ⎦      (56) 

where 0R > . 

Then, for all *0,t T⎡ ⎤∈ ⎣ ⎦ : 

( )
Rt

Rt

Re
h t

e K

−

−=
−

      (57) 

In particular, 
*

*

* e
( )

RT

RT

R
h T

e K

−

−
=

−
      (58) 

We choose K  in such a way that guarantees that (50) is satisfied. 

One such choice in this situation is to take 
*( 0.25)R TK e− +=       (59) 

We now present a numerical example that illustrates the sort of numbers that apply in a 

realistic situation.  We shall assume that the horizon date is 10 years, so that * 10T =  and 

that the yield curve is flat with the interest rate 5%R = .  The table presents the upper 

and lower bounds that apply to the short-rate at time t .  We can see that the upper 

bounds increase steadily with time and are much greater than the initial value for the 

short-rate.  We also have the lower bound at zero, which is exactly what we would like for 

a short-rate model.  We conclude that the bounds given by (45) may not in fact be very 

restrictive in real world situations. 

 

                                                 
3  Here, (0, )f t  is the forward rate. 
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t Min tr  Max tr  

0 0 12.47% 

1 0 13.50% 

2 0 14.79% 

3 0 16.44% 

4 0 18.63% 

5 0 21.66% 

6 0 26.12% 

7 0 33.34% 

8 0 46.99% 

9 0 82.53% 

10 0 402.51% 

 

 

6.  FH Rational Lognormal Model in terms of HJM 

In this section we derive the dynamics of zero-coupon bond prices in the Flesaker-

Hughston rational lognormal model and compare them to the HJM model since this is such 

a widely studied model in the literature. 

 

We have the following result for the Heath, Jarrow and Morton (1992) (hereafter HJM) 

Model (Corollary 13.1.1 in Musiela and Rutkowski (1997, p.309)) which deals with the 

dynamics of bond prices and interest rates under the spot martingale measure *P . 

 

Proposition 6:  For any fixed maturity *0,T T⎡ ⎤∈ ⎣ ⎦ , the dynamics of the bond price ( , )B t T  

under the spot martingale measure *P  are given by: 

( )*( , ) ( , ) ( , )t tdB t T B t T rdt t T dW= −Σ    (60) 

and the forward rate ( , )f t T  satisfies: 

( )*( , ) ( , ) ( , ) tdf t T t T t T dt dWσ= Σ +     (61) 

Finally, the short-term interest rate ( , )tr f t t=  is given by: 

*

0 0
(0, ) ( , ) ( , ) ( , )

t t

t tr f t u t u t du u t dWσ σ= + Σ +∫ ∫    (62) 

where  ( , ) ( , )
T

t
t T t u duσΣ = ∫ . 

 

The following proposition gives dynamics of zero-coupon bond prices in the FH rational 

lognormal model in terms of the HJM model. 
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Proposition 7:  In the FH Model we have that: 

*( , )
( , )

( , ) t t

dB t T
rdt t T dW

B t T
= −Σ     (63) 

where 

[ ][ ]
( ) ( ) ( ) ( )

( , )
( ) ( ) ( ) ( )t t

t t

f T g t f t g T
t T M

f t g t M f T g T M
σ

⎛ ⎞− ⎟⎜ ⎟Σ = ⎜ ⎟⎜ ⎟⎜ + +⎝ ⎠
    (64) 

We can also write the bond price volatility ( , )t TΣ  in terms of just ,  ,  f g σ  and the bond 

price as follows: 

( ) ( , ) ( ) ( ) ( ) ( , )
( , )

( , ) ( ) ( ) ( ) ( )t

f t B t T f T g T g t B t T
t T

B t T f T g t f t g T
σ

⎛ ⎞⎛ ⎞− −⎟ ⎟⎜ ⎜⎟ ⎟Σ = ⎜ ⎜⎟ ⎟⎜ ⎜⎟ ⎟⎜ ⎜ −⎝ ⎠⎝ ⎠
   (65) 

 

Note that the discount bond volatility ( , )t TΣ  goes to zero in the limit t T→  as the bond 

matures. 

 

Proof:  In the case of the rational lognormal model we have from (3) that the bond price 

( , )B t T  is given by: 

( ) ( )
( , )

( ) ( )
t

t

f T g T M
B t T

f t g t M
+

=
+

   [ ]0,t T∀ ∈     (66) 

for any maturity *0,T T⎡ ⎤∈ ⎣ ⎦ . 

That is 

( , ) t

t

C
B t T

A
=        (67) 

where 

( ) ( )t tC f T g T M= +       (68) 

and 

( ) ( )t tA f t g t M= +       (69) 

Using the Ito product rule we have: 

( ) ( )1 1 1 1( , ) ,t t t t t t t
dB t T d C A A dC C d A d C A− − − −= = + +    (70) 

We work out each of the three terms tdC , ( )1
td A−  and 1,

t
d C A−  below. 

Firstly, using (10) we have 

( ) ( )t t t t tdC g T dM g T M dWσ= =     (71) 

Then, using (30) we have: 

( )
{ }{ }

1 1

2

2 2 2

,

( ) ( )

( ) ( )

t tt

t t t t t

t t t

d C A dC d A

g T M A g t M dt

A g T g t M dt

σ σ

σ

− −

−

−

=

= −

= −

   (72) 

(since we have that 0tdtdW =  and t tdWdW dt= ) 
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Then, using (71), (30), (72) and (10) with (70) we get 

{ }

1 2 2 2

2 1 2 2 2

( , ) ( ) ( ) ( )

( ) ( ) ( ) ( )

t t t t t

t t t t t t t

dB t T A g T dM A g T g t M dt

A C f t g t M A g t M dt g t dM

σ

σ

− −

− −

= −

⎡ ⎤′ ′− + − +⎣ ⎦
  (73) 

That is, 

[ ] 2 2

2

1 2 2 2

( ) ( ) ( ) ( )
( , )

( ) ( ) ( )

t t t t t

t

t t t t t

g t C g T A dM g T g t M dt
dB t T A

C f t g t M A g t M dt

σ

σ
−

−

⎧ ⎫− +⎪ ⎪⎪ ⎪⎪ ⎪= − ⎨ ⎬⎪ ⎪⎡ ⎤′ ′+ + −⎪ ⎪⎣ ⎦⎪ ⎪⎩ ⎭
   (74) 

Using (68) and (69) we can write this as 

[ ] 2 2

2

1 2 2 2

( ) ( ) ( ) ( ) ( ) ( )
( , )

( ) ( ) ( )

t t t

t

t t t t t

f T g t f t g T dM g T g t M dt
dB t T A

C f t g t M A g t M dt

σ

σ
−

−

⎧ ⎫− +⎪ ⎪⎪ ⎪⎪ ⎪= − ⎨ ⎬⎪ ⎪⎡ ⎤′ ′+ + −⎪ ⎪⎣ ⎦⎪ ⎪⎩ ⎭
   (75) 

Using (67) we have: 

[ ] 2 2

1 2 2 2

( ) ( ) ( ) ( ) ( ) ( )( , ) 1
( , ) ( ) ( ) ( )

t t t

t t t t t t t

f T g t f t g T dM g T g t M dtdB t T
B t T AC C f t g t M A g t M dt

σ

σ−

⎧ ⎫− +⎪ ⎪⎪ ⎪⎪ ⎪= − ⎨ ⎬⎪ ⎪⎡ ⎤′ ′+ + −⎪ ⎪⎣ ⎦⎪ ⎪⎩ ⎭
   (76) 

This gives: 
2 2

1( , ) ( ) ( ) ( ) ( ) ( ) ( ) ( )
( ) ( )

( , )
t t

t t t
t t t t t

dB t T f t g T f T g t g t M g t g T
dM A f t g t M dt

B t T AC A A C
σ −

⎧ ⎫⎛ ⎞⎪ ⎪− ⎟⎪ ⎪⎜ ⎡ ⎤′ ′⎟= + − − +⎜⎨ ⎬⎟ ⎣ ⎦⎜ ⎟⎜⎪ ⎪⎝ ⎠⎪ ⎪⎩ ⎭
   (77) 

Using (17) with (77) gives: 
2 2( , ) ( ) ( ) ( ) ( ) ( ) ( ) ( )

( , )
t t

t t
t t t t t

dB t T f t g T f T g t g t M g t g T
rdt dM dt

B t T AC A A C
σ ⎛ ⎞− ⎟⎜ ⎟= + + −⎜ ⎟⎜ ⎟⎜⎝ ⎠

  (78) 

Now, using (68) and (69) we have that: 

[ ] [ ]

( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

t t

t t t t

t t

t t

t t

g t g T g t C g T A
A C AC

g t f T g T M g T f t g t M

AC

f T g t f t g T
AC

−
− =

+ − +
=

−
=

  (79) 

Then, using (79) with (78) gives: 
2 2( , ) ( ) ( ) ( ) ( ) ( )

( , )
t t

t t
t t t

dB t T f t g T f T g t g t M
rdt dM dt

B t T AC A
σ⎛ ⎞⎛ ⎞− ⎟ ⎟⎜ ⎜⎟ ⎟= + −⎜ ⎜⎟ ⎟⎜ ⎜⎟ ⎟⎜ ⎜⎝ ⎠⎝ ⎠

   (80) 

Using (10) we can write (80) as: 

( )1( , ) ( ) ( ) ( ) ( )
( )

( , ) t t t t t t t
t t

dB t T f t g T f T g t
rdt M dW g t M A dt

B t T AC
σ σ −

⎛ ⎞− ⎟⎜ ⎟= + −⎜ ⎟⎜ ⎟⎜⎝ ⎠
  (81) 

Now, from (40) and (41) we have that: 
* 1( )t t t t tdW dW g t M A dtσ −= −     (82) 

Thus, we can write (81) as: 

*( , ) ( ) ( ) ( ) ( )
( , ) t t t t

t t

dB t T f t g T f T g t
rdt M dW

B t T AC
σ

⎛ ⎞− ⎟⎜ ⎟= + ⎜ ⎟⎜ ⎟⎜⎝ ⎠
   (83) 
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Using (68) and (69) we can write (83) as: 

[ ][ ]
*( , ) ( ) ( ) ( ) ( )

( , ) ( ) ( ) ( ) ( )t t t t
t t

dB t T f T g t f t g T
rdt M dW

B t T f t g t M f T g T M
σ

⎛ ⎞− ⎟⎜ ⎟= − ⎜ ⎟⎜ ⎟⎜ + +⎝ ⎠
 (84) 

which gives (63) and (64). 

Also, using (66) we get that: 

( ) ( , ) ( )
( ) ( ) ( , )t

f t B t T f T
M

g T g t B t T
−

=
−

     (85) 

Thus, 

( ) ( ) ( ) ( )
( ) ( )

( ) ( ) ( , )t

f t g T f T g t
f t g t M

g T g t B t T
−

+ =
−

    (86) 

and 

( ) ( ) ( ) ( )
( ) ( ) ( , )

( ) ( ) ( , )t

f t g T f T g t
f T g T M B t T

g T g t B t T

⎛ ⎞− ⎟⎜ ⎟+ = ⎜ ⎟⎜ ⎟⎜ −⎝ ⎠
   (87) 

Using (85), (86) and (87) we can write (64) as: 

( ) ( , ) ( ) ( ) ( ) ( , )
( , )

( , ) ( ) ( ) ( ) ( )t

f t B t T f T g T g t B t T
t T

B t T f T g t f t g T
σ

⎛ ⎞⎛ ⎞− −⎟ ⎟⎜ ⎜⎟ ⎟Σ = ⎜ ⎜⎟ ⎟⎜ ⎜⎟ ⎟⎜ ⎜ −⎝ ⎠⎝ ⎠
    

 

 

Alternatively, we can write (64) in a symmetric form as follows. 

Notice that: 

[ ][ ]{ }( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )
2

( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )
t t

t
t t t t

f T g T M f t g t M f T g t f t g T
M

f T g T M f t g t M f t g t M f T g T M
− − −

− =
+ + + +

  (88) 

This allows us to write (64) in the following form: 

( ) ( ) ( ) ( )
( , )

2 ( ) ( ) ( ) ( )
t t t

t t

f T g T M f t g t M
t T

f T g T M f t g t M
σ ⎛ ⎞− − ⎟⎜ ⎟Σ = −⎜ ⎟⎜ ⎟⎜ + +⎝ ⎠

   (89) 

 

 

7.  Jump-Extended FH Model 

We now extend the FH rational model described in section 2, by assuming that the 

martingale follows a jump-diffusion process rather than a diffusion process.  This is 

desirable since empirical studies (for example, Das (2002), Johannes (2004)) indicate that 

jumps are an important component of interest rate dynamics.  We find the change of 

measure that guarantees the family of bond prices is arbitrage-free.  It should be pointed 

out that Burnetas and Ritchken (1997) have also looked at a jump-extension of the 

Flesaker-Hughston rational model.  Our approach uses the change of measure (as used by 

Rutkowski (1997) in the non-jump case) in contrast to the potential approach (developed 
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by Rogers (1997)).  Our formulation is more general than that of Burnetas and Ritchken 

as we allow both the volatility of the Brownian motion and the intensity of the Poisson 

process to be (deterministic) functions of time whereas they assume that both are 

constants.  Also, our approach leads to simpler formulas due to the change of measure 

approach. 

We now assume that M  solves the SDE: 

( ) ( ){ }1 1z z
t t t t t tdM M dW e dN E e dtσ λ−

⎡ ⎤= + − − −⎣ ⎦    (90) 

with 0 1M = , for some deterministic functions *: 0,t Tσ ⎡ ⎤ →⎣ ⎦ R , *: 0,t Tλ ⎡ ⎤ →⎣ ⎦ R , where W  

is a one-dimensional standard Brownian motion on ( ), ,Ω F P  and N  is a one-dimensional 

Poisson process with intensity { } 0t t
λ

≥
 on ( ), ,Ω F P , with W N= ∪F F F . 

Note that 

( ) ( ) ( )1 1 ( ) 1 ( )z z z
t t tE e dt e f z dzdt e F dz dtλ λ λ

∞ ∞

−∞ −∞
⎡ ⎤− = − = −⎣ ⎦ ∫ ∫   (91) 

Here, ( )f z  is the probability density function for the random jump sizes, z , and we call 

( )tF dz dtλ  the compensator of the jump process.  That is, for any well behaved function g  

we have that 
0 0

( ) ( ) ( )
t t

u u tg z dN g z F dz dtλ
∞

−∞
−∫ ∫ ∫  is a -martingaleP . 

Put another way, we assume that 

( )2

0 0 0 0

1
exp 1

2

t t t t
z

t u u u u u uM dW du z dN E e duσ σ λ
⎛ ⎞⎟⎡ ⎤⎜= − + − − ⎟⎜ ⎣ ⎦ ⎟⎜⎝ ⎠∫ ∫ ∫ ∫   (92) 

We also assume that the functions f  and g  are differentiable. 

We can define a new probability measure *P  on ( )*,
T

Ω F  equivalent to P  by means of the 

Radon-Nikodym derivative 

( )
*

2

0 0 0 0

1
exp 1

2

t t t t
w

t t u u u u u u

d
dW du w dN E e du

d
η γ γ λ

⎛ ⎞⎟⎡ ⎤⎜= = − + − − ⎟⎜ ⎣ ⎦ ⎟⎜⎝ ⎠∫ ∫ ∫ ∫
P
P
F  (93) 

where ( )w h z= , for a certain adapted process γ . 

Then, 

( ) ( ){ }1 1w w
t t t t t td dW e dN E e dtη η γ λ−

⎡ ⎤= + − − −⎣ ⎦    (94) 

Note that 

( ) 1 ( 1) ( )w w
t tE e dt e F dz dtλ λ

∞

−∞
⎡ ⎤− = −⎣ ⎦ ∫      (95) 

The Extended Version of Girsanov’s Theorem tells us that 

(i) *

0

t

t t uW W duγ= − ∫  is a standard *P -Brownian motion, and 

(ii) The jump process has compensator * *( ) ( )w
t te F dz dt F dz dtλ λ=  

that is, the change of measure changes the distribution of the jump sizes, and the 

intensity of the jumps. 

Consider the process tB  (associated with tA ) defined by 
1

t t tB Aη −=    *0,t T⎡ ⎤∀ ∈ ⎣ ⎦      (96) 
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We show how to find the unique measure *P  for which the process tB  is increasing.  This 

guarantees that the family of bond prices is arbitrage-free. 

 

Proposition 8:  tB  is an increasing process only if both: 

( )t t
t

t

g t M
A

σ
γ −

−

=      (97) 

and 
w

t tA A e−=       (98) 

 

Proof:  Note that from (94) we have that 

( ){ }1c w
t t t t td dW E e dtη η γ λ−

⎡ ⎤= − −⎣ ⎦     (99) 

and 

( )1w
t t te dNη η −Δ = −      (100) 

Using the Ito product rule with jumps we have: 

( ) ( ) ( )1 1 1 1 1,
cc

t t t t t t t t tt
dB d A A d d A d A Aη η η η η− − − − −

− −= = + + +Δ Δ   (101) 

We shall work out each of the four terms in (101) below. 

Now from (1) we have that  ( ) ( )t tA f t g t M= +   so that 

[ ]( ) ( ) ( ) ( ) ( ) ( )t t t t tdA f t dt d g t M f t dt g t dtM g t dM g t dtdM′ ′ ′ ′= + = + + +   (102) 

Using (90) we see that 0tdtdM =  (since 0tdtdW = , 0tdtdN =  and 0dtdt = )  and 

therefore that 

( ) ( ){ }( ) ( ) ( ) 1 1z z
t t t t t t tdA f t g t M dt g t M dW e dN E e dtσ λ−

⎡ ⎤ ⎡ ⎤′ ′= + + + − − −⎣ ⎦⎣ ⎦   (103) 

So we have: 

( ){ } ( )( ) ( ) ( ) 1 ( ) ( ) 1z z
t t t t t t t t tdA f t g t M g t M E e dt g t M dW g t M e dNλ σ− − −

⎡ ⎤′ ′= + − − + + −⎣ ⎦    (104) 

Thus 

( ){ }( ) ( ) ( ) 1 ( )c z
t t t t t t tdA f t g t M g t M E e dt g t M dWλ σ− −

⎡ ⎤′ ′= + − − +⎣ ⎦   (105) 

and 
2 2 2( )c

t tt
d A g t M dtσ−=      (106) 

The Extended Ito’s Lemma tells us that: 

( ) ( ) ( ) ( ) ( )1
2

c c
t t t t t t tt

df A f A dA f A d A f A f A dN− − −
⎡ ⎤′ ′′= + + −⎣ ⎦    (107) 

Using (105) and (106) with (107) we obtain 

( ) ( ){ }1 2

3 2 2 2 1 1

( ) ( ) ( ) 1 ( )

( )

z
t t t t t t t t

t t t t t t

d A A f t g t M g t M E e dt g t M dW

A g t M dt A A dN

λ σ

σ

− −
− − −

− − −
− − −

⎡ ⎤⎡ ⎤′ ′= − + − − +⎢ ⎥⎣ ⎦⎣ ⎦

⎡ ⎤+ + −⎣ ⎦

 (108) 
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Note that 

1 1 1 2t t
t t t t t

t t t

A A
A A A A A

AA A
− − − − −

− −
−

⎛ ⎞Δ ⎟⎜ ⎟Δ = − = − = − Δ⎜ ⎟⎜ ⎟⎜⎝ ⎠
   (109) 

Using (109) we can write (108) as: 

( )
( ) 1 2 2 2

1 2

( ) ( ) ( ) 1 ( )

( )

z
t t t t t t

t t t
t t t t t

t

f t g t M g t M E e A g t M dt

d A A A
g t M dW AdN

A

λ σ

σ

−
− − −

− −
− −

−

⎧ ⎫⎡ ⎤⎡ ⎤⎪ ⎪′ ′+ − − −⎢ ⎥⎪ ⎪⎣ ⎦⎣ ⎦⎪ ⎪⎪ ⎪= − ⎨ ⎬⎪ ⎪+ + Δ⎪ ⎪⎪ ⎪⎪ ⎪⎩ ⎭

 (110) 

Thus, 

( )
( ) 1 2 2 2

1 2
( ) ( ) ( ) 1 ( )

( )

z
c t t t t t t

t t

t t t

f t g t M g t M E e A g t M dt
d A A

g t M dW

λ σ

σ

−
− − −− −

−
−

⎧ ⎫⎡ ⎤⎡ ⎤⎪ ⎪′ ′+ − − −⎢ ⎥⎪ ⎪⎣ ⎦⎣ ⎦⎪ ⎪= − ⎨ ⎬⎪ ⎪+⎪ ⎪⎪ ⎪⎩ ⎭
 (111) 

Using (100) and (109) we have that: 

( )1 1w
t t

t t t
t t

e A
A dN

AA

η
η − −

−

− − Δ
Δ Δ =     (112) 

Using (99) and (111) we get: 

( ) ( )1 1 2, ( )
c cc c

t t t t t t tt
d A d d A A g t M dtη η η γ σ− − −

− − −= = −   (113) 

Then, substituting (94), (110), (112) and (113) into (101) we get 

( ) ( ){ }

( )

( )

2

1 2 2 2

1 1 ( )

1
( )

( ) ( ) ( ) 1 ( )

w w
t t t t t t t t

w
t tt t

t t t t t t t
t t t

z
t t t t t t

A dW e dN E e dt g t M dt

A e A A
dB dN g t M dW AdN

A A A

f t g t M g t M E e A g t M dt

γ λ γ σ

η
σ

λ σ

− −

−− −
−

−

−
− − −

⎛ ⎞⎡ ⎤+ − − − − ⎟⎜ ⎣ ⎦ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− Δ⎜ ⎟= − − − Δ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎡ ⎤⎡ ⎤′ ′ ⎟⎜− + − − − ⎟⎜ ⎢ ⎥⎝ ⎠⎣ ⎦⎣ ⎦

 (114) 

We can write (114) in the form: 

[ ] ( )
( )

( ) ( ){ }

1 2 2 2
2

1
( ) 1

( ) ( ) ( ) ( )

( ) 1 1

w
w t tt

t t t t t t t t
t t

t
t t t t t t t t

t

z w
t t t

e A AA
A g t M dW e A A dN

A A

dB A g t M g t M f t g t M dt
A

g t M E e A E e dt

γ σ

η
σ γ σ

λ

−−
− − −

−−
− − −

−

− −

⎛ ⎞⎡ ⎤− Δ ⎟⎜ ⎢ ⎥ ⎟− + − − Δ −⎜ ⎟⎜ ⎢ ⎥ ⎟⎜ ⎟⎣ ⎦⎜ ⎟⎜ ⎟⎜ ⎟⎟⎜ ⎟⎡ ⎤⎜ ′ ′= + − − − ⎟⎜ ⎣ ⎦ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎡ ⎤ ⎡ ⎤ ⎟⎜+ − − − ⎟⎜ ⎣ ⎦ ⎣ ⎦ ⎟⎜ ⎟⎜ ⎟⎜⎝ ⎠

    (115) 

Note that 

( )
( )

( )

[ ]

1
1 1

w
w w wt tt t

t t t t
t t t

wt
t t

t

e A AA A
e A A e A e A

A A A

A
A e A

A

−− −
− −

−
−

− Δ
− − Δ − = − − Δ

= −
  (116) 

Using (116) with (115) we get: 
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[ ] [ ]

( ) ( ){ }

1 2 2 2
2

( )

( ) ( ) ( ) ( )

( ) 1 1

wt
t t t t t t t t

t

t
t t t t t t t t

t

z w
t t t

A
A g t M dW A e A dN

A

dB A g t M g t M f t g t M dt
A

g t M E e A E e dt

γ σ

η
σ γ σ

λ

−
− − −

−−
− − −

−

− −

⎛ ⎞⎟⎜ − + − ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎟⎜ ⎡ ⎤′ ′= + − − − ⎟⎜ ⎣ ⎦ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎡ ⎤ ⎡ ⎤+ − − − ⎟⎜ ⎣ ⎦ ⎣ ⎦ ⎟⎜ ⎟⎜⎝ ⎠

  (117) 

This is an increasing process only if both: 

( ) 0t t t tA g t Mγ σ− −− =      (118) 

and 

[ ] 0wt
t t

t

A
A e A

A
−

− − =       (119) 

This is equivalent to: 

( )t t
t

t

g t M
A

σ
γ −

−

=        and       w
t tA A e−=       

 

 

Proposition 9:  If the conditions (97) and (98) in Proposition 8 hold, then 

t t tdB rBdt=       (120) 

where 

1 ( ) ( )
( ) ( )

( ) ( )
t

t t t
t

f t g t M
r A f t g t M

f t g t M
− ′ ′+⎡ ⎤′ ′= − + = −⎣ ⎦ +

   (121) 

 

Proof:  If (97) holds, then 
1 2 2 2( ) ( )t t t t t tg t M A g t Mγ σ σ−

− − −=     (122) 

Since f  and g  are continuous (1) gives: 

( ) ( )t tA f t g t M− −= +       (123) 

If (98) holds, then using (1) and (123) with (98) gives: 

( ) ( )
( ) ( )

tw

t

f t g t M
e

f t g t M −

+
=

+
      (124) 

But, 

( 1)z z
t t t t t tM M M M e M e M− − − −= + Δ = + − =    (125) 

so that (124) becomes: 

( ) ( )
( ) ( )

z
tw

t

f t g t M e
e

f t g t M
−

−

+
=

+
     (126) 

so that 

( ) ( ) ( )
( )

( ) ( )

z
tw

t

f t g t M E e
E e

f t g t M
−

−

+
=

+
    (127) 

Then, using (123) with (127) we get: 

[ ] [ ]( ) ( ) 1 ( ) 1z w
t tg t M E e A E e− −− = −    (128) 
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Thus, if both (97) and (98) hold, then using (122) and (128) with (96) we have that (117) 

becomes: 
1 ( ) ( )t t t tdB B A f t g t M dt−

− −
⎡ ⎤′ ′= − +⎣ ⎦     (129) 

This can be written as: 

t t tdB r B dt− −=      (130) 

where 

1 ( ) ( )
( ) ( )

( ) ( )
t

t t t
t

f t g t M
r A f t g t M

f t g t M
−

− −
−

′ ′+⎡ ⎤′ ′= − + = −⎣ ⎦ +
   (131) 

But, we can take (130) and (131) to mean that: 

t t tdB rB dt=        where       1 ( ) ( )
( ) ( )

( ) ( )
t

t t t
t

f t g t M
r A f t g t M

f t g t M
− ′ ′+⎡ ⎤′ ′= − + = −⎣ ⎦ +

 

since this is equivalent.  They differ only on a set of (Lebesgue) measure zero which 

therefore means that the integrated forms are equivalent.      

 

We thus have (as in section 3) that: 

(i) 0tr ≥  for all *0,t T⎡ ⎤∈ ⎣ ⎦ , and 

(ii) tB  is an increasing process. 

 

Thus, since tB  is an increasing process, Proposition 2 shows us that, given tA  and the 

probability measure P , there is a unique change of measure that guarantees the family of 

bond prices is arbitrage-free.  Our construction gives us that there is a unique change of 

measure but this does not imply that the market is complete.  See Bjork, Kabanov and 

Runggaldier (1997) for the details.4 

 

 

8.  Option Pricing in the FH Model 

In this section we present some examples of option pricing in the FH model.  The FH 

model is well-suited to the pricing of interest-rate products such as caps and swaptions.  

One of the appealing features of the FH model is that you can price both of these 

consistently with the same underlying dynamics (whereas models such as Brace-Gatarek-

                                                 
4  In particular, they note that: 

(1)  “By experience from the theory of financial markets with finitely many assets one could expect that the 

market is complete if and only if the martingale measure is unique, but in our infinite dimensional setting [a 

bond market with jumps] this is no longer true.”  (p.229) 

(2)  “In particular, it turns out that in the case with a continuous jump spectrum, uniqueness of the 

martingale measure does not imply completeness of the bond market.  Instead, uniqueness of the martingale 

measure is only equivalent to approximate completeness of the market.”  (p.212) 
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Musiela (BGM) have a problem in that it is incompatible to have lognormal forward rates 

and lognormal swap rates in the models that they use to get their prices). 

Rutkowski (1997) shows how to get Black-Scholes type prices for caps and swaptions in 

the FH rational lognormal model.  We extend this to valuing Bermudan swaptions, which 

is not presented elsewhere in the literature,5 and also look briefly at option pricing with the 

jump-diffusion version of the FH model.  This also represents a contribution as our jump-

extended model has not appeared elsewhere.6 

 

8.1  Valuation of Caps and Swaptions 

Here we assume that M  solves the SDE t t t tdM M dWσ= , with 0 1M = , for some 

deterministic function *: 0,t Tσ ⎡ ⎤ →⎣ ⎦ R , where W is a one-dimensional standard Brownian 

motion on ( ), ,Ω F P . 

The following result (Proposition 16.5.2 in Musiela and Rutkowski (1997, p.416)) provides 

an explicit valuation formula for caplets.  It is convenient to write 2 2( , )
T

u
t

v t T duσ= ∫ . 

 

Proposition 10:  Suppose that the coefficients 0a  and 0b  are strictly positive.  Then the 

price of a caplet at time [ ]0,t T∈  equals 

( ) ( )( )1
0 1 0 2( , ) ( , )t t tA a N d t T b M N d t T−= −Cpl  

where 
21

2
1,2

ln ( , )
( , )

( , )
tc v t T

d t T
v t T
±

=        and       1 10

0

( ) (1 ) ( )
(1 ) ( ) ( )t t t

a f T K f T
c M M

b K g T g T
δ δ

δ δ
− − − + +

= =
+ + −

 

 

The arbitrage price of a cap is obtained by adding up the prices of the underlying caplets. 

 

The following result (Proposition 16.5.3 in Musiela and Rutkowski (1997, p.416)) provides 

an explicit valuation formula for swaptions. 

 

Proposition 11:  Suppose that the coefficients a  and b  are strictly positive.  Then the 

price tPS  of a payer swaption, with expiry date T  and strike level κ , equals 

( ) ( )( )1
1 2( , ) ( , )t t tA aN d t T bM N d t T−= −PS  

where 

                                                 
5  Burnetas and Ritchken (1997) give a lattice based algorithm that can be used for pricing American options 

so that the prices of Bermudan claims could be derived from this.  However, they do not explicitly price 

Bermudan swaptions and our lattice is different from theirs. 
6  As mentioned previously the Burnetas and Ritchken (1997) jump-extension of the FH model is not as 

general as ours. 
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21
2

1,2

ln ( , )
( , )

( , )
tc v t T

d t T
v t T
±

=        and       11 1

1

( ) ( ) ( )

( ) ( ) ( )

n

n jj
nt t t

n jj

f T f T f Ta
c M M

b g T g T g T

κδ

κδ
=− −

=

− −
= =

− −
∑
∑

 

 

8.2  Bermudan Swaptions 

Longstaff, Santa-Clara and Schwartz (2000) argue that one needs a multi-factor model to 

correctly determine the early exercise premium in Bermudan swaptions.  However, 

Andersen and Andreasen (2000) argue that correlations do not play an important role in 

the pricing of Bermudan swaptions, implying that single factor models suffice.  In this 

section we consider a single factor model for these derivatives.  It is well known that one 

requires Monte Carlo techniques to price Bermudan swaptions in a LIBOR market model.  

It is possible to price Bermudan swaptions in a single factor HJM model, but the 

procedure is much simpler in the FH model, as we now show. 

 

The first step in pricing Bermudan swaptions in the Flesaker-Hughston framework is to 

create the binomial tree for the martingale, M .  Let us write i
tM  for the value of M  at 

the tht  time step, given that there are i  “up” ticks; so 

0
i i t i
tM M u d −=  

where tu eσ Δ=  and 
1

d
u

= .  For this martingale, the risk-neutral probability of an “up” 

tick is 
1 d

p
u d
−

=
−

. 

 

Suppose swaps have reset dates ,2 ,...,Nτ τ τ .  Let , ( )NS tα  represent the forward swap rate, 

as of date t , for a swap that begins at the thα  reset date (i.e., at date ατ ) and ends at the 
thN  reset date.  In general, 

,

1

( , ) ( , )
( )

( , )
N N

k

B t B t N
S t

B t k
α

α

ατ τ

τ τ
= +

−
=

⋅∑
    (132) 

For a payer swaption with maturity, T , the payoff at maturity is 

{ },
1

max ( ) ,0 ( , )
N

T N X
k

V S R B kα
α

ατ τ ατ τ
= +

= − ∑    (133) 

where 

,

1 1

( , ) ( , ) 1 ( , )
( )

( , ) ( , )
N N N

k k

B B N B N
S

B k B k
α

α α

ατ ατ ατ τ ατ τ
ατ

τ ατ τ τ ατ τ
= + = +

− −
= =

⋅ ⋅∑ ∑
   (134) 

Recall from (3) that 
( ) ( )

( , )
( ) ( )

t

t

f T g T M
B t T

f t g t M
+

=
+

, so that this payoff can be written as a 

function of TM . 
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For the European case, 

{ }( , ) (1 )u d
t t t t tV B t t t pV p V+Δ +Δ= +Δ + −    (135) 

where tΔ  represents the length of one period in the binomial tree. 

 

For the Bermudan case, the option can be exercised at the reset dates.  Suppose Lτ  is a 

reset date.  Then (see e.g., Brigo and Mercurio (2001) pp. 111-114) 

{ } ( ),max ( , ) (1 ) , ( ) ( , )
N

u d
L L t L t L N X

k L

V B L L t pV p V S L R B L kτ τ τ
τ

τ τ τ τ τ τ+Δ +Δ
=

⎡ ⎤
⎢ ⎥= +Δ + − −
⎢ ⎥⎣ ⎦

∑     (136) 

Once again, all of these terms can easily be written as functions of the martingale M . 

 

8.3  European Options and Jump-Diffusions 

We extend this to the jump-diffusion case as follows. 

We now assume that M  solves the stochastic differential equation: 

{ }( 1) [ ( ) 1]z z
t t t t t tdM M dW e dN E e dtσ λ−= + − − −    (137) 

under the market’s equivalent martingale measure.  Put another way, we assume that 

( ){ }21
2

0 0
exp (0, ) ( ) 1 (0, )

t t
z

t u u u uM dW v t z dN E e tσ= − + − − Λ∫ ∫   (138) 

where 2 2

0
(0, )

t

uv t duσ= ∫  and 
0

(0, )
t

ut duλΛ = ∫ .  The jump sizes, z , are assumed to be 

normally distributed with mean γ  and variance 2δ .  Conditional on there being n  jumps, 

( ) ( )( )2 2 21
2log (0, ) ( ) 1 (0, ), (0, )z

tM N n v t E e t v t nγ δ− − − Λ +∼   (139) 

It follows that, for arbitrary A and B, 

( ) ( )

( ) ( )

0

( , )
( )

1 2
0

( ) ,

( , )
( ) ( )

!

T t T t
n

nt T
b n

n t n
n

A BM P n jumps A BM n jumps

e t T
AN d BM e N d

n

∞
+ +

=

−Λ∞

=

⎡ ⎤⎡ ⎤− = −⎢ ⎥⎢ ⎥⎣ ⎦ ⎣ ⎦

Λ
= −

∑

∑

F FP PE E

  (140) 

where: 

( )( ) ( ) 1 (0, )zb n n E e tγ= − − Λ      (141) 

( ) ( )1 2 21
2

1 2 2

ln / ( ) (0, )

(0, )

T
n

M A B b n v t n
d

v t n

δ

δ

− − + +
=

+
   (142) 

2 2
2 1 (0, )n nd d v t nδ= − +       (143) 

With this result, one can easily derive prices for caplets and swaptions with this model, 

simply by substituting for A  and B . 

1872



23 

9.  Conclusion 

We considered the Rutkowski formulation of the FH term structure model and derived the 

dynamics of the short rate under both the original probability measure and the risk-neutral 

probability measure, and discussed bounds for the bond prices and short rate.  In 

particular, we showed that some criticisms of the model with respect to the bounds may 

not be significant in actual applications.  We also derived the dynamics of zero-coupon 

bond prices in the FH rational lognormal model and compared them to the HJM model.  

We then extended the FH model by allowing the martingale to follow a jump-diffusion 

process, rather than just a diffusion process, and derived the unique change of measure 

that guarantees the family of bond prices is arbitrage-free.  Next, we gave some examples 

of option pricing in the FH model, and gave the prices for caps and swaptions, and 

extended the results to include Bermudan swaptions.  Finally, we also showed how to price 

options with the jump-diffusion version of the FH model. 

There are a few areas for further research.  To date there has been very little empirical 

work on the FH model to assess its performance in fitting real-world data.  We are only 

aware of one such study, by Rapisarda and Silvotti (2001), in which they compare the FH 

model to the Hull-White and Black-Karasinski models and conclude that the FH model 

outperforms the other two.  Testing the FH model on Australian and/or overseas data 

would probably be quite fruitful.  Another line of enquiry would be to extend our 

derivatives pricing in the FH model to other products. 
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Optimal dynamic hedging in commodity futures markets with a stochastic convenience yield 

 

1. Introduction 

 

Futures markets have experienced dramatic growth, worldwide, of both trading volume and contracts 

written on a wide range of underlying assets. These features make it easier to use futures contracts as 

hedging instruments against unfavorable changes in the opportunity set, i.e. changes in state variables 

or factors describing the economic/financial environment. The growing activity of these markets has 

been accompanied, since the original normal backwardation of Keynes (1930) and Hicks (1939), by a 

substantial body of literature devoted to pricing and hedging with futures contracts1. The main 

objective of this paper is to bridge the gap in the literature by addressing, in a continuous-time context, 

the issue of using commodity futures, by an unconstrained investor2, as vehicles for hedging purposes.  

In an intertemporal portfolio choice framework, Merton (1971, 1973) and Breeden (1979) 

derived optimal asset allocation for an unconstrained investor, who maximizes his (her) expected 

lifetime utility function of consumption under the budget constraint. This demand encompasses the 

commonly referred to as Merton-Breeden hedging terms reflecting the investor’s wish to hedge against 

the random fluctuations of the investment opportunity set. As is well-known, the utility maximization 

approach implies, however, that the optimal demand includes an additional speculative position which 

depends on the investor’s risk aversion, as well as on the instantaneous expected excess return of the 

risky assets.  

 An abundant literature has been devoted to pricing commodity futures3. The models developed 

explain the evolution of the futures prices through the random evolution of several relevant state 

variables. The stochastic processes of these variables are specified exogenously. The convenience yield 

                                                   
1 Interested readers could refer to Lioui and Poncet (2005). 

2 The unconstrained investor is allowed to freely trade on the primitive assets, namely the underlying spot asset and, if need 

be, other risky assets. 

3 See, for instance, Gibson and Schwartz (1990), Schwartz (1997), Hilliard and Reis (1998), Miltersen and Schwartz (1998), 

Yan (2002), Sorensen (2002), Nielsen and Schwartz (2004) and Casassus and Collin-Dufresne (2005). 
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turns out to be the crucial variable, which constitutes one of the main differences between spot 

commodity prices and prices of financial assets4. The recent sharp increase in commodity prices has 

revived the interest in commodity risk management. Derivatives securities or contingent claims, futures 

contracts in particular, are major tools used by investors for hedging in order to mitigate their exposure 

to changes in commodity prices. Surprisingly, while there are a number of models dealing with futures 

hedging, to our best knowledge, the specific case of commodity futures contracts with a stochastic 

convenience yield has not yet been addressed in the literature. An exception is Hong (2001) whose 

economic environment and objective differ considerably from ours in that he examined, especially, the 

impact of a stochastic convenience yield on the term structure of open interest, i.e., the total number of 

contracts outstanding. Moreover, in the literature market prices of risk are usually assumed to be 

constant when studying optimal asset allocation. A few exceptions are, for example, Kim and Omberg 

(1996), Wachter (2002) and Sangvinatsos and Wachter (2005). Lioui and Poncet (2001), in particular, 

examine the effect of stochastic prices of risk on futures hedging demands. In our environment to the 

extent that spot commodity prices, futures prices and inventory decisions are related (see, for instance, 

Brennan, 1958; Litzenberger, Rabinowitz 1995; Routledge et al., 2000), we would expect market prices 

of risk to be stochastic.  

 This paper provides a theoretical model of hedging that could better account for how both 

stochastic convenience yield and stochastic market prices of risk affect the optimal demand of an 

unconstrained investor5. In order to do so, in the same vein as Schwartz (1997) and Hilliard and Reis 

(1998) - the reference models in the literature - the economic framework retains the spot commodity 

                                                   
4 Brennan (1991) defines the convenience yield as “the flow of services accruing to the owner of the physical inventory, but 

not to the owner of a contract for future delivery”. Indeed, physical inventory provides some services such as the possibility of 

avoiding shortages of the spot commodity and thus to maintain the production process or even to benefit from a (anticipated) 

future price increase.  

5 Other theoretical models examining dynamic asset allocation with futures contracts (see, among others, Ho, 1984; Stulz, 

1984; Adler and Detemple, 1988a, b; Duffie and Jackson, 1990; Briys et al., 1990; Duffie and Richardson, 1991; Lioui et al., 

1996) deal with a constraint utility maximizer investor. In a similar economic environment, the investor’s optimal futures 

demand consists of three terms: a mean-variance speculative term, a Merton-Breeden hedging component and a pure hedge 

element related to the non-traded position. 
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price, the instantaneous interest rate and convenience yield as the relevant stochastic state variables 

associated with the dynamics of the futures price. Furthermore, it is assumed that the prices of risk are 

affine functions of the state variables (see also Duffee, 2002; Casassus and Collin-Dufresne, 2005). The 

optimal demand for commodity futures contracts is derived for an investor who maximizes the 

expected constant relative risk aversion (CRRA) utility function of his (her) lifetime consumption and 

final wealth. By clarifying the work of Lioui and Poncet (2001), Rodriguez (2002) and Munk and 

Sorensen (2004), an appropriate change of probability measure, specific to the CRRA utility function, 

is shown to be of key importance not only because it makes easier the resolution to the maximization 

problem, but notably because it helps to gain an insight into the intuition behind both the allocation 

problem itself and the main results of this paper. The investor’s consumption-wealth problem reduces 

to the computation, under this measure, of an investor’s specific expectation involving the market 

prices of risk and the interest rates risk. In a complete market framework, this expectation is unique and 

reveals how essential the stochastic prices of risk are for the derivation of the investor’s optimal 

demand. Also, consistent with prior studies, the role played by the logarithmic utility separating the 

investors’ hedging position according to their risk aversion appears in a natural way.  

Although the optimal unconstrained investor’s demand exhibits a classical structure in the 

sense that it is composed of a speculative part and of a hedging term, a thorough study of these 

components reveals, however, some appealing and distinctive features of our model. This can be 

accomplished by introducing into the economic framework two synthetic assets replicating the 

idiosyncratic sources of risk of both the interest rate and the convenience yield. They allow us to enrich 

the analysis of optimal demands by going beyond the existing studies. First, it is worth pointing out that 

stochastic prices of risk induce stochastic speculative components that can be decomposed, by using 

the synthetic assets, in three terms corresponding to the three assets. Thus, as the three factors vary 

randomly over time, the agent will consequently change his (her) speculative position. This is in sharp 

contrast to the majority of the models focusing on hedging with futures where the speculative element 

is only modified by the passage of time.  

Second, the hedging term can be split into two parts. The first, due solely to the random 

fluctuation of the interest rate, involves the covariance of the discount bond with a bond with a maturity 
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equal to the investor’s horizon (see Lioui and Poncet, 2001; Munk and Sorensen, 2004). More 

importantly, the presence of the second term results from the stochastic character of the prices of risk 

and underscores that of the convenience yield. Making the most of the replicable assets, we show that it 

consists in three components and may be decomposed in two different ways: related to each asset or 

corresponding to Merton-Breeden-like elements for each and every state variable.  

Third, as a result of the first two points, our analysis clarifies the role played by the primitive 

assets and the futures contract. Breeden (1984) studied the allocational role of futures markets and 

derived the demand for futures contracts by an unconstrained investor when the futures contracts are 

written on the state variables and have instantaneous maturity. As a consequence, the primitive assets 

are ineffective in hedging the risk of the state variables. Our analysis calls into question this result by 

assigning these assets a specific task: hedging the idiosyncratic risk of the (log) spot commodity and 

the short rate. Besides, the idiosyncratic risk associated with the convenience yield is uniquely hedged 

by the futures contract. 

Fourth, the effect of the prices of risk on the investor’s demand is more subtle than the one 

reported in the literature, which usually considers a unique mean-reverting stochastic price of risk. In 

this paper, by distinguishing the prices of risk related to the state variables, we explicitly account for 

their relations. These relations determine the investor’s position, short or long, which may be reversed 

as the level of the state variables is modified. A numerical illustration also shows, for instance, that the 

interaction between the prices of risk allows us to derive a critical value of the sate variables at which 

speculative demands vanish whatever the investor’s risk preferences.   

Fifth, although our setting is fairly general, the formulas derived in this paper are relatively 

simple. Indeed, despite their differences, the speculative and the hedging term related to the prices of 

risk have two common characteristics facilitating the use of this model for practical considerations. On 

the one hand, they may be computed in a recursive way. The demand of futures contracts is first 

derived and then used to calculate that of bonds. In turn, both serve as ingredients to obtain the optimal 

proportion in spot commodities. On the other hand, given the additive structure of these components, 

the investor is able to precisely assess their influence on his (her) optimal demand. (S)he can therefore 

rule on the relevance of the investment opportunity set. Indeed, the formulas derived in this paper 
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constitute a useful and alternative means in choosing the most important factors when the investor 

seeks to allocate his (her) wealth among traded assets including commodities. 

 The remainder of the paper is organized as follows. In section 2, the economic framework is 

described and the investor’s optimization problem is formulated. Section 3 is devoted to the derivation 

of the optimal asset allocation for the unconstrained investor. An illustration of the behavior of this 

demand, via a numerical example, is given in section 4. Section 5 offers some concluding remarks and 

suggests some potential future extensions. All the proofs have been gathered in the Appendix.  

 

2. The general economic framework 

 

Consider a continuous-time frictionless economy. The uncertainty in the economy is represented by a 

complete probability space (Ω, F, P) with a standard filtration [ ]{ }TtFF t ,0: ∈= , a finite time period 

[0, T], the historical probability measure P and a 3-dimensional vector of correlated standard Wiener 

processes, ( ))( ),(),()( ' tztztztZ fS δ= , the correlated basis, defined on ( )F,Ω , where ′ stands for the 

transpose. Since these processes are correlated, as will become clear later, it is useful to operate on an 

orthogonal change of basis and to define a 3-dimensional vector of independent standard Brownian 

motions, ( ))( ),(),()( ' tztztztz vuS= , the orthogonal basis. These two vectors of Brownian motions are 

related through the following expression: )()( tdztdZ ρ= , where ρ is a correlation matrix that will be 

defined below6.  

 In this section, following Schwartz (1997), Hilliard and Reis (1998) and Casassus and Collin-

Dufresne (2005), three imperfectly correlated factors are assumed to be associated with the dynamics 

of the futures prices: the logarithm of spot commodity price, X(t) = Ln (S(t)), the instantaneous riskless 

interest rate, r(t), and the instantaneous convenience yield δ(t). In the sequel of the paper, (.)iλ  and iσ  

stand for the market prices of risk related to the state variables and the strictly positive instantaneous 

volatility of the state variables respectively, while ρij, j≠iwith , denotes the correlation coefficient for 

                                                   
6 The standard Cholevsky decomposition establishes the link between the correlated and the orthogonal basis. 
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)(),(),( ttrtXi δ= . klΣ , l≠kwith  represents, depending on the case, the covariance between the assets 

or between the assets and the state variables. [ ]'' )()()()( ttrtXtY δ=  is the vector of the state 

variables that describes the economy.  

 For readers’ convenience and to shed light on the intuition underlying our main results, the 

stochastic evolution of the state variables will be expressed in terms of the correlated as well as of the 

independent Brownian motions. The logarithm of the spot price of the commodity, X(t), satisfies the 

following stochastic differential equation (SDE hereafter): 

 )(
2

1
))(),(()()(

)(

)( 2 tdzdtttXttr
tX

tdX
SSSXS σσδλσδ +







 −+−=  (1) 

with initial condition LnS(0)=LnS.  

The short rate is governed by the following stochastic process: 

 ( ) )()()()( tdzdttrttdr rrσαϑ +−=  (2) 

 ( ) [ ])(1)()()()( 2 tdztdzdttrttdr uSrSsrr ρρσαϑ −++−=  (2’) 

with initial condition r(0)=r . The drift in the stochastic process of the short rate is a deterministic 

function, )(tϑ , such that the model incorporates all the information present in the current term 

structure (see Hull and White, 1990; Heath et al., 1992). 02
2 )(

),0(
),0()( rrr tD

t

tf
tft λσσαϑ α ++

∂
∂+= , 

where f(0,t) describes the initial forward yield curve and ( ) αα
α /1)( 2

2
tetD −−= . α is the constant speed 

of mean reversion of the short rate and 0rλ  is specified below. 

The instantaneous convenience yield evolves stochastically over time by following a mean-

reverting process:  

 ( )  )()()( tdzdttktd δδσδδδ +−=  (3) 

 ( ) [ ] )()()()()( tdztdztdzdttktd vvuuSS δδδδ ρρρσδδδ +++−=  (3’) 
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with initial condition δ(0)=δ. The convenience yield has a tendency to revert to a constant long-run 

convenience yield, δ , with a speed of mean-reversion k. 21 Srur ρρ −= , 
21 Sr

SSrr
u

ρ
ρρρρ δδ

δ
−

−=  and 

2

222

1

21

Sr

rSSrrSSr
v

ρ
ρρρρρρ

ρ δδδδ
δ

−

+−−−
= . 

In contrast to the majority of the models dealing with dynamic asset allocation and hedging, the 

market prices of risk associated with the state variables are not constant but stochastic and depend on 

the levels of the state variables. To allow for an analytical tractability of our model, we opt for an affine 

specification of these prices of risk. To characterise the dependence of the spot price on the level of 

inventories (see, for instance, Brennan, 1958; Dincerler et al. 2005), the price of risk associated with 

the (log) of the spot price process is an affine function of the level of both the (log) of the spot price 

and the convenience yield: ( ) )()()(),( 0 ttXttX XXXXX δλλλδλ δ++= . The prices of risk related to the 

interest rate and the convenience yield are also affine functions:( ) )()( 0 trtr rrrr λλλ +=  and 

( ) )()( 0 tt δλλδλ δδδδ += . δδδδ λλλλλλλ  and ,,,,, 000 rrrXXXX  are constants. λ(t) is a stochastic vector of the 

market prices of risk under the orthogonal basis whose expression can be couched in terms of the 

stochastic prices of risk, Λ(t), associated with the correlated Wiener processes: 
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)()( 0 tYt Yλλλ +=  (4) 

where Yλλ  and 0  are given in Appendix A. 

Since in what follows we will use equations in a matrix form, we also give the SDE satisfied by 

the vector Y(t): 

 [ ] )()()()( tdZdttYttdY YY σµµ +−=  (5) 

[ ] )()()()( tdzdttYttdY YY σµµ +−=  (5’) 
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with the initial condition Y(0) = Y. 
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 are 3-dimensional diffusion matrices under 

the correlated and the orthogonal basis respectively. Moreover, let [ ]00'
SX σσ = , 

[ ]0'
rurrsrr σρσρσ =  and [ ]δδδδδδδ σρσρσρσ vuS='  denote the 3-dimensional diffusion vectors 

of the state variables under the orthogonal basis.  

In addition to the spot commodity, there are in the economy a locally riskless asset, the savings 

account, such that: 








= ∫
t

dssrt
0

)(exp)(β , with initial condition 1)0( =β , and two risky traded assets. 

The first risky security is a discount bond with maturity BT , whose price, at time t, BTt ≤≤0 , is 

),(),,( BB TtBTtrB ≡ . The second additional risky asset is a futures contract written on a commodity 

with maturity HT , whose price, at date t, BH TTt ≤≤≤0 , is denoted ),(),),(( HH TtHTttYH ≡ . The 

Feynman-Kac representation allows us to find a closed form solution for the discount bond and the 

futures price: { }),(),()(exp),( BBB TtCTtDtrTtB +−= α  and  

{ }),(),()(),()()(exp),( HHHH TtKTtDtrTtDttXTtH ++−= ακδ  respectively7 with the terminal 

condition 0),(),(),(),(),( ===== HHBBHHHHBB TTKTTCTTDTTDTTD καα , where
x

e
ytD

tyx

x

)(1
),(

−−−= . 

Assuming that the risky securities price functions are twice continuously differentiable in the state 

variables, their price dynamics can be written, in the orthogonal basis, as follows:  

                                                   
7 There is no need to specify the expression of C(t,TB) and K(t,TH), since it will not be used in the rest of the paper; besides we 

are not interested in the pricing of bonds and of futures contracts.    
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 [ ])()()()( tdzdtttItdV V σµ +=  

with the initial condition V(0) = V. [ ]')()()()( tHtBtStV = , )(tIV  is a diagonal matrix, 

),( and ),(),( HHBBS TtTtt µµµ  represent the instantaneous expected rate of returns of the spot price, the 

discount bond and the futures price respectively. σ  is the 3-dimensional volatility matrix, which is of 

full rank, hence the market is dynamically complete. ),(),(),( HkSHSrSHHS TtDTtTt δδσρσρσσ −+= , 

),(),(),( HkuHurHHu TtDTtTt δδσρσρσ −=  and ),(),( HkvHHv TtDTt δδ ρσσ = . ),( BTtσ , the volatility of the 

discount bond is supposed to be deterministic and is restricted to the exponential 

case: ),(),( BrB TtDTt ασσ = . [ ]0),(),(),( '
BurBsrBB TtTtTt σρσρσ =   and 

[ ]),(),(),(),( '
HHvHHuHHSHH TtTtTtTt σσσσ −=  are the diffusion vectors of the discount bond and the 

futures price respectively.  

Since we are interested in futures contracts, the futures price changes are credited to or debited 

from a margin account with interest at the continuously compounded interest rate r(t). The futures 

contract is indeed assumed to be marked to market continuously rather than on a daily basis, and then 

to have always a zero current value. The current value of the margin account, M(t), is then equal to:

  ∫ ∫








=
t

HHH

t

u

TudHTudvvrtM
0

),(),()(exp)( θ  

Applying Itô’s lemma to the above equation yields: 

 ),(),()()()( HHH TtdHTtdttMtrtdM θ+=  (7) 

where ),( HH Ttθ  represents the number of the futures contracts held at time t.  

 The unconstrained investor has an investment horizon TI, BHI TTTt ≤≤≤≤0 , and (s)he is 

supposed to have a utility function that exhibits constant relative risk aversion equal to γ , such that: 
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where U(.) is a Von Neumann-Morgenstern utility function, c(t) ≥ 0 and )( ITW  represent consumption 

at time t and the agent’s terminal wealth respectively. When 1=γ , the “reference” utility in the finance 

literature is obtained, that is, the logarithmic utility function characterizing a Bernoulli investor: 

))(())(())(,( I

T

t

I TWLndsscLnTWcU
I

+= ∫ . In this case, the investor behaves myopically in such a way 

that his (her) hedging demand will not include any component associated with a stochastic opportunity 

set.  

 To determine the optimal consumption and asset allocation (commodity, bond and futures 

contract), each investor maximizes the expected utility function of his (her) lifetime consumption and 

terminal wealth. The market described above is dynamically complete, since the number of sources of 

risk (Brownian motions) is equal to that of the traded risky securities. Karatzas et al. (1987) and Cox 

and Huang (1989; 1991) used the martingale approach to study the consumption-portfolio problem in a 

continuous-time setting. Their main idea is to transform this dynamic problem into the following static 

one (program Π):  
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where [ ] [].tt EF ≡⋅Ε  denotes the expectation, under P, conditional on the information, Ft, available at 

time t and 








++== ∫∫∫
ttt

udzuudsur
t

t
tG

0

'

0

2

0

)()()(
2

1
)(exp

)(

)(
)( λλ

ξ
β

, with G(0) = 1, represents the 

numéraire or optimal growth portfolio such that the value of any admissible portfolio relative to this 

numéraire is a martingale under P (see Long, 1990; Merton, 1990; Bajeux-Besnainou and Portait, 

1997).  stands for the norm in R3 and )(tξ  is the Radon-Nikodym derivative of the so-called, 

unique, risk-neutral probability measure Q equivalent to the historical probability P , such that the 
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relative price (with respect to the savings account chosen as numéraire), of any risky security is a Q-

martingale (see Harrison and Pliska, 1981).  

 

3. Optimal dynamic strategies 

 

Having described the economic framework, we will examine the optimal consumption and portfolio 

strategy problem for our unconstrained investor when the financial market is dynamically complete. 

 Given the CRRA utility function and the numéraire portfolio )(tG , the solution to the static 

problem (8), which is a standard Lagrangian optimization problem, determines the investor’s optimal 

consumption and wealth at time t: 

 
( )
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)(

*
*

ITt

tW
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γΦ
=  (9) 

 ( ) ),,()(
11

*

ITttGtW γζ γγ Φ=
−

 (10) 

where ζ  is the Lagrangian associated with the static program and  
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 is the wealth-to-consumption ratio.  

It follows from expressions (9) and (10) that the computation of ( )**  and )( tWtc  involves that 

of 
γ
1

1

)(

)(
−










ITG

tG
. To make this calculation easier and to underline the intuition as well as the financial 

interpretation of our results, this term may be rewritten: 
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1
),()()(exp),0(),( σσσσλ  

is the price of a discount bond of maturity TI and ( ) )(/,),( tGTtBTtR II = . 

1886



 12

The optimal wealth may be rewritten in the following convenient way:  

( ) ( ) ( )
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ssR
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 (11) 

The resolution of the expectation in expression (11) may be simplified by making an appropriate 

change of numéraire. As shown by Lioui and Poncet (2001) and by Munk and Sorensen (2004), a zero-

coupon bond, ( )ITtB , , whose maturity, TI, coincides with that of the investor’s horizon, is a useful 

numéraire. We take a step forward by operating a change of probability measure that is specific to 

CRRA utility functions. To obtain optimal demands, Rodriguez (2002) uses a change of probability 

measure related to a CRRA utility function, but in this paper, we attempt to clarify this change of 

measure. ),( ITtR  is the relative price of this discount bond with respect to the numéraire G(t). Note 

that ),( ITtR  is a martingale under the probability measure P. In contrast, γ
1

1

),(
−

ITtR , for ∞<γ , is 

neither a financial asset nor a martingale under P. To see this, applying Ito’s lemma to γ
1

1

),(
−

ITtR  

gives: 
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 (12’) 

Remark that both the instantaneous expected changes and the variance of γ
1

1

),(
−

ITtR  reflect the agent’s 

risk aversion, as well as the risk associated with both the optimal growth portfolio and the discount 

bond ( )ITtB , . However, these two moments are not equal - a feature that turns out to be important for 

the change of the probability measure and the derivation of the agent’s optimal demand.  

 Let us define: 

 ( )
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with the initial condition 1),0( =∆ ITγ . A simple inspection of equation (12) reveals that minus ( )ITty ,γ  

is nothing other than the instantaneous expected return of γ
1

1

),(
−

ITtR . ),( ITtγ∆  is an adjustment factor 

arising from the fact that γ
1

1

),(
−

ITtR  is not a martingale. When ∞→γ , 1),( =∆ ITtγ , which is a special 

case of the CRRA utility functions. Now γ
γ

γ
1

1
1

1

),(),(),0(),(
−








−−

∆= IIII TtRTtTBTtR , which corresponds 

to the second exponential in the right hand side of equation (12’),  is a martingale under P. Since 

0),( >ITtR  and [ ] 1),( =II TTRE , ),( ITtR  is a potential candidate as the Radom-Nikodym derivative 

for a change of the probability measure in our specific case. The objective is to find a non-dividend-

paying financial asset as numéraire associated with this probability measure. We suggest the following 

numéraire )(),(),( tGTtRTtN II = , such that any financial asset divided ),( ITtN  is a martingale under 

this new probability. The dynamics of this numéraire are governed by:
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λ  (13) 

Following Geman et al. (1995), the Radon-Nikodym derivative, defining the probability 

measure ( )ITP ,γ equivalent to P, is given by: 
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 (13’) 

It follows that: 

 


















−−−=












∆
∆

=
























∫

−
IT

t

IBt

I

II

II

I
t

I

II
t duTuuE

Tt

TT

TT

Tt
E

TtR

TTR
E

2

2

1
1

),()(
2

1
exp

),(

),(

),(

),(

),(

),( σλ
γ

γ
ξ

ξ

γ

γ

γ

γ
γ

 

 
( ) [ ]



















−−−−−− ∫∫
II T

t

IB

T

t

IB udzTuuduTuu )(),()(
1

),()(
2

1
exp                              '2

2

2

σλ
γ

γσλ
γ
γ

 

We can use Bayes’ rule to get: 
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The same procedure may be used to compute:  
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Inspired by the relevant literature of the term structure of interest rates (see Duffie and Kan, 

1996; Dai and Singleton, 2000; Ahn et al., 2002), as shown in appendix A, ( )ITty ,γ  is a quadratic 

function and ),( ITtBγ  may be viewed as an exponential quadratic function of the state variables: 

)(),,()(
2
1

)(),,(),,(,       2
'

10 tYTtAtYtYTtATtA)T(ty IIIIγ γγγ ++=  

 






 ++= )(),,()(

2

1
)(),,(),,(exp),( 2

''
10 tYTtBtYtYTtBTtBTtB IIII γγγγ  

with the terminal condition ( ) ( ) ( ) 0,,,,,, 210 === IIIIII TTBTTBTTB γγγ . ( )ITtA ,0 , ( )ITtA ,1  and ( )ITtA ,2  

are given in Appendix A. 

By substituting (14) and (14’) in equation (11), the optimal wealth then becomes: 

 ( ) ),,()(
11

*

ITttGtW γζ γγ Φ=
−

 (15) 

 ),,( ITtγΦ  can be rewritten in the following way 











+=Φ ∫ ),,(),,(),,( I

T

t

I TtdsstTt
I

γϕγϕγ , where 

( ) ( )III TtBTtBTt ,,),,(
1

1

γγγϕ −=  is like an investor’s specific zero-coupon bond. ),,( ITtγΦ  is then 
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analogous to a coupon bond that pays a coupon of one monetary unit and may be referred to as the 

investor’s specific coupon bond8. 

 The following important remarks are in order. First, ),( ITtBγ  is stochastic because of the 

stochastic character of the prices of risk. For a more risk-averse investor than the logarithmic utility 

agent (γ > 1), ( ) 0, >ITtyγ , and ),( ITtBγ  is like a discounting factor. Conversely, when (s)he is less 

risk-averse than the Bernoulli investor (γ <1), ( ) 0, <ITtyγ , and ),( ITtBγ  is comparable to a 

compounding factor. ( )ITty ,γ  may be considered as a state variable incorporating the risk generated by 

the prices of risk and the yield curve. Also, ),(ITtBγ , which results from the agent’s consumption-

investment problem solution, is investor specific, since it is a function of his (her) risk aversion 

coefficient and horizon. Second, the assumption that markets are complete implies the uniqueness of 

the probability measure ( )ITP ,γ , hence that of the expectations under this measure in equation (14). It 

follows that ),( ITtBγ , ( )**  and )( tWtc  are also uniquely obtained. Finally, under ( )ITP ,γ , the investor’s 

optimization problem consists in calculating ),(ITtBγ . For both the Bernoulli ( 1=γ ) and the infinitely 

risk-averse ( ∞=γ ) investors, 1),( =ITtBγ , which leads, for these two special cases, to a direct 

derivation of the optimal consumption and wealth. In general, the solution of ),(ITtBγ , as will be 

shown below, requires numerical methods.  

 At any date t, the wealth of the investor is composed of )(tSθ , )(tBθ  and )(tβθ  units of the 

spot commodity, the discount bonds and the riskless asset respectively, and the margin account:  

 )()()(),()()()()( tMttTtBttSttW BBS +++= βθθθ β   

Applying Itô’s lemma to the above expression, the dynamics of the unconstrained investor’s 

wealth may be written: 

 
( )

( ) [ ] )()()()'()( ' tdztdttttr
tW

tdW σπσλπ ++=  (16) 

                                                   
8 Obviously, ),,( ITtγΦ is not an asset, but as its expression is formally similar to that of a coupon bond, it will be qualified as 

the investor’s coupon bond, although it is a misuse of language.  
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with the initial condition W(0) and [ ])()()()( ' tttt HBS ππππ = . 
)(

)()(
)(

tW

tSt
t S

S

θπ ≡ , 

)(

),()(
)(

tW

TtBt
t BB

B

θπ ≡  and 
)(

),()(
),(

tW

TtHt
Tt HH

HH

θπ ≡  denote the proportions of the total wealth invested 

in the commodity, the discount bond and the futures contract respectively. In order to optimally 

determine these proportions, the unconstrained investor solves the Program Π. The result obtained is 

presented in the following proposition.   

 

Proposition 1. Given the economic framework described above, the optimal demand for risky assets by 

the unconstrained investor is given by: 
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The optimal asset allocation may be decomposed in: 

a) a traditional tangent component 
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b) a hedging component related to the stochastic fluctuations of the interest rate  
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c) a hedging component related to the random evolution of the (square) market prices of risk 
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where, ( )IBIBI TtTtTt ,),(
1

1),,(
γ

σσ
γ

γσϕ +







−= , ( ) ( ) ( )[ ])(,,,,, 21

' tYTtBTtBTt IIYIB γγσσ
γ

+= , 'σσ=Σ  

and '
YYY σσ=Σ . ( )ITtB ,,1 γ  and ( )ITtB ,,2 γ  are solutions to the following ordinary differential 

equations (ODEs): 
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( ) ( ) ( ) ( ) ( ) ( ) 0,,,,,,,,,,,, 2222
'

22 =−Σ+−− IIYIIYYIIt TtATtBTtBTtBTtBTtB γγγγµµγγ γγ

( ) ( ) ( ) ( ) ( ) ( ) 0,,,,,,,,)(,,,, 1122
'

1
'

1 =−Σ++− IIYIIIYIt TtATtBTtBTtBtTtBTtB γγγγµγµγ γγ  

with the terminal condition ( ) ( ) 0,,,, 21 == IIII TTBTTB γγ . ( ) ( )ItIt TtBTtB ,, and ,, 21 γγ  are the first order 

derivatives with respect to t. The constant and deterministic functions γµY and )(tγµ are given in 

Appendix A. 

Proof. See Appendix A. 

 

As shown in Proposition 1, the optimal demand for risky assets (equation 17) can be 

decomposed into two parts. The first one is the traditional mean-variance speculative portfolio 

proportional to the investor’s risk tolerance (Proposition 2 below is dedicated to this term), whereas the 

second part is a hedge portfolio. The latter itself contains two components. The first one reveals how 

the investor should optimally hedge against unfavorable fluctuations of the interest rate. It depends on 

the covariances between the three traded assets and a discount bond. It is worth pointing out that the 

latter is not the traded bond with maturity TB, but a discount bond with an expiration date, TI, equal to 

that of the investor’s horizon. This should not come as a surprise since the investor’s objective is to 

hedge the fluctuations of his (her) opportunity set up to his (her) investment horizon (see also Lioui and 

Poncet, 2001; Munk and Sorensen, 2004).  

More significantly, the second term arises because the prices of risk are stochastic and serves as 

a hedge against the risk generated by these prices of risk. It involves the investor’s specific coupon 

bond as well as its standard error, and requires numerical methods to solve the ODEs9. The investor’s 

coupon bond turns out to be the suitable instrument to hedge the risk stemming from the prices of risk, 

since it gathers all the sources of risk in the economy and reflects the agent’s risk preferences. This 

component may be referred to as a Merton-Breeden hedging term in that the coupon bond depends on 

),( ITtBγ , hence on )(tyγ , which acts as a substitute for the state variables in the economy. As for the 

first hedging addend against shifts in interest rates, the risk is also measured by the standard error, but 

in this case, it is the standard error of the investor’s coupon bond which, as a function of ),( IB Tt
γ

σ , 

                                                   
9 Liu (2007) shown that the solution to the investor’s problem reduces to that of a set of ODEs. 
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encompasses the volatility of the state variables. Notice that if market prices of risk were assumed to be 

constant or deterministic, then only interest rate risk would be likely to be hedged by the investor. 

Thus, in accordance with the results of Merton (1973), investors will not hedge at all those variables of 

the opportunity set that will not evolve randomly over time. Moreover, expression (18) separates the 

Merton-Breeden hedging term stemming from the maximization of the investor’s utility function of 

consumption from that coming from the maximization of his (her) final wealth. However, a closer look 

reveals that these terms are related. Actually, the consumption part is the sum of the terminal wealth 

component over the agent’s investment horizon. Thus, at each date, the investor makes the optimal 

hedging decision about his (her) consumption relative to his (her) optimal wealth at the same date. Put 

differently, the consumption part is a weighted average of the terminal wealth part for different dates of 

the investor’s horizon. Wachter (2002) derived a similar result, but in formula (17) the weighted 

average feature appears directly. 

  Two special cases are worth mentioning. When the investor has a logarithmic utility function, 

(s)he behaves myopically, which leads to two standard results: the speculative term is independent of 

the investor’s risk aversion and the hedging component disappears. Generally, the Bernoulli investor 

does not hedge stochastic variations in the investment opportunity set. In our case, (s)he is not 

concerned by the risk due to interest rate movements up to his (her) investment horizon, and nor is 

(s)he by that generated by the prices of risk as functions of the state variables. As expected, the demand 

of the infinitely risk-averse investor does not include any speculative element. However, the hedging 

part contains only the component related to interest rates changes, since the Merton-Breeden term 

vanishes. Then, in that sense, this last is not a “pure” hedging term. Intuitively, the infinitely 

conservative agent desires to hold only the riskless asset. However, its return varies randomly over time 

since the short rate is stochastic. The highly conservative investor will then hedge against the short rate 

risk.  

The next propositions and corollary are devoted to a thorough study of the speculative and 

hedging terms. They try to elucidate the consequences on these terms of the stochastic opportunity set, 

especially the stochastic convenience yield, to highlight the role played by the traded primitive assets 
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and the futures contract as hedging instruments, and, for practical considerations, to implement these 

terms in such a way that they depend on the measurable moments of the opportunity set.  

To achieve these goals, two assets may be introduced into our analysis whose prices are 

denoted ),( Bu TtB  and ),( Hv TtH . These assets are assumed to be cash assets, i.e., they are not marked 

to market, and can be duplicated by a portfolio of four assets, namely the riskless asset, the discount 

bond with maturity TB, the spot commodity and the futures contracts. They reflect idiosyncratic risks. 

The first asset is associated with the idiosyncratic risk of the interest rate, while the second one is 

linked to that of the convenience yield. Note that the existing spot commodity spans the risk of )(tzS .  

 )(),(),(
),(

),( ' tdzTtdtTt
TtB

TtdB
BBuBBu

Bu

Bu σµ −=  

 )(),(),(
),(

),( ' tdzTtdtTt
TtH

TtdH
HHvHHv

Hv

Hv σµ +=  

where [ ]0),(0),( '
BurBBu TtTt σρσ =  and [ ]),(00),( '

HHvHHv TtTt σσ −= . Since the synthetic assets 

are cash assets, then )(),()(),( ' tTttrTt BBuBBu λσµ −=  and )(),()(),( ' tTttrTt HHvHHv λσµ += . 

 Equation (16) may further be manipulated to obtain more insightful expressions by introducing 

the two synthetic assets into our analysis. This leads to the following proposition.  

 

Proposition 2. The optimal mean-variance proportions can be couched in a recursive way: 
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Proof. See Appendix B. 

 

 This formulation is useful for computational purposes since speculative demands are expressed 

in terms of excess returns, volatilities and covariances, and they are calculated in a recursive way: the 
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speculative demand of futures contracts is first derived, which allows one then to determine that of the 

discount bond and finally the proportion of the spot commodity can be obtained as a function of the 

other two demands. It follows that the speculative proportions will not only be modified as time passes, 

but also as the state variables fluctuate stochastically over time. The investor will actively adjust his 

(her) speculative position as a function of the level of the state variables.     

 The investor’s speculative demand consists of a fund including an element specific to the 

futures contract and a component proper to the two primitive risky assets. This decomposition sheds 

light on the crucial role played by the idiosyncratic risks captured by the two replicable assets and the 

spot commodity. The speculative demand for the futures contract depends on the excess return and the 

variance of the synthetic asset, ),( Hv TtH . It reflects the investor’s anticipations about the specific 

source of uncertainty of the convenience yield. The futures contract is thus the sole asset that will be 

directly used by the investor to directly form his (her) anticipations about the future evolution of the 

convenience yield. It follows that the mean-variance portfolio for futures contracts will be the only 

demand depending uniquely on the price risk of the convenience yield. The speculative demand for the 

discount bond is a function of the excess return and the variance of the synthetic asset, ),(Bu TtB , which 

spans the idiosyncratic risk of the interest rate. Because of the correlation of the futures contract with 

the short rate, )(tMV
Bπ  is, however, modified by a second term. This additional term involves the mean-

variance portfolio for futures contracts weighted by the usual covariance/variance ratio 

),(),(

),,(
'

BBuBBu

BHHB

TtTt

TTt
u

σσ
Σ

. A similar argument applies to the speculative demand for commodities. The 

excess return of the spot commodity divided by its variance, spanning the idiosyncratic risk of the 

commodity, is now adjusted by two terms since the spot commodity is correlated with both the futures 

contract and the discount bond. If the convenience yield were non-stochastic, 0)(=tMV
Hπ , and then the 

speculative demand contains only the proportions of the two primitive assets.  

The interaction between the three components of the investor’s speculative demand can be 

examined through the covariances between the assets. On the one hand, since ),,( BHHB TTt
u

Σ  is 

supposed to take low real values, it has a weak impact on the investor’s speculative position on the spot 
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commodity. As expected, unlike )(tSπ , the proportion invested in the discount bond is strongly 

influenced by ),,( BHHB TTt
u

Σ , and therefore by the speculative demand of the futures contracts. On the 

other hand, as the spot commodity and the futures contract are highly positively correlated, the 

speculative proportion of the commodity will be largely driven by that of the futures contract.   

  

Proposition 3. a) The optimal hedging proportions spawned by the interest rate are only carried by the 

discount bond and write: 
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b) The optimal hedging proportions generated by the (square) market prices of risk can be expressed in 

a recursive way for each risky asset: 
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c) The optimal hedging proportions generated by the (square) market prices of risk can be decomposed 

in the following manner for each state variable: 

 )()()()( ___ tttt HMPRrHMPRXHMPRHMPR δππππ ++=  (26) 
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where { })(),(),( ttrtXi δ∈ , I is a 3-dimensional identity matrix and Il, l = 1, 2, 3, represent its columns. 

( ) ( ) ( ) ( )[ ]',,,, IvBIuBISBIB TtTtTtTt
γγγγ

σσσσ = , ( ) ( )
( )I

I

I TtB

TtB
Tt i

i ,

,
,

γ

γ
γ =Ψ  and ( )ITtB

i
,γ stands for the first 

order derivative of ( )ITtB ,γ  with respect to each state variable.  

Proof. See Appendix C. 

 

According to Proposition 3, the hedging demand for the discount bond (equation 24) is the only 

one including a term that hedges the risk due to the stochastic nature of the interest rate. This 

component is proportional to the ratio of the volatilities of the bonds with maturities respectively equal 

to TI and TB. When the two maturities coincide, this ratio is equal to one, and the hedging demand is 

merely a function of the investor’s risk aversion. This is also the sole ingredient in the agent’s optimal 

demand evolving deterministically over time. This feature is quite general, in the sense that it is not 

related to the Gaussian character of the short rate. Insofar as the variance of the interest rate is 

proportional to its level this characteristic remains valid. This would be the case, for instance, if the 

short-rate followed a square-root process.   

Parts b) and c) of Proposition 1 indicate that the hedging term that stems from the stochastic 

character of the market prices of risk may admit two different decompositions pursuing two different 

objectives. The first, in the spirit of the speculative components (Proposition 2), expresses the hedging 

terms in a recursive way for each risky security requiring only the calculation of variances, covariances 

and of ( )ITtB ,γ . Furthermore, the covariances between the state variables and the assets which, in 

conjunction with the partial derivatives of ( )ITtB ,γ , determine the sign of the hedging demands, appear 

in a simple way facilitating the use of the above expressions. The futures contract serves to hedge the 

specific risk of the convenience yield, while the discount bond and the spot commodity are employed 

to hedge that of the short rate and the log of the spot commodity respectively. Correlations between the 

assets imply that )(tHMPR
Bπ  and )(tHMPR

Sπ are appropriately adjusted to take into account for these 

correlations.  
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The second decomposition, given in expression (26), separates the hedging addend into three 

Merton-Breeden-like components; one for each and every state variable. In particular, introducing a 

stochastic convenience yield into the economy results in the presence of a hedging demand, 

)(_ tHMPR δπ , specific to this yield studied in the next corollary. This equation makes it possible to 

disentangle the hedging element related to each state variable from those associated with the other 

variables. As a consequence, our model has the ability to exactly measure the impact of these hedging 

terms on the investor’s optimal demand.  

In the light of expression (27’), this decomposition appears in a natural way and admits an 

economic interpretation. The investor wishes to hedge the random shifts in the prices of risk. As 

discussed above, ( )ITtB ,γ  incorporates these prices through ( )tyγ , which involves the state variables. 

The hedging demands )(_ tiHMPRπ  depend on the ratios ( ) ( )
( )I

I

I TtB

TtB
Tt i

i ,

,
,

γ

γ
γ =Ψ , which determine the 

sensitivity of ( )ITtB ,γ  on the three state variables (see also Wachter, 2002). In other words, each 

( )ITt
i

,γΨ  assesses the sensitivity of the hedging demands to changes in ( )ITtB ,γ  resulting from a 

change in the state variables.  

 

Corollary 1. Each of the Merton-Breeden-like component can also be decomposed in a recursive way: 
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Proof. See Appendix D. 

 

Corollary 1 shows which part of the prices of risk related to the state variables can be hedged 

by the risky assets. The price risk associated with the logarithm of the spot commodity price will be 

hedged exclusively by this asset, because it is not correlated with the synthetic assets 

( 0)()( __ == tt XHMPR
B

XHMPR
H ππ ). In sharp contrast, from (29) and (32), it is obvious that two and three 

risky securities are needed to hedge the risk price of the interest rate and the convenience yield 

respectively. These two state variables are indeed imperfectly correlated with the spot commodity and 

),( Bu TtB . Moreover, the convenience yield is imperfectly correlated with ),(Hv TtH . The risk of the 

convenience is entirely hedged by the futures contract. The discount bond is employed to hedge the 

idiosyncratic risk of the short rate, while the spot commodity is used to hedge its own risk. The 

proportions given by (31), (33) and (35) are modified by adjustments terms in the same manner as for 

the speculative demands.  

By virtue of Corollary 1, the stochastic prices of risk will be hedged by both the primitive 

assets and the futures contract. It states that when the state variables are correlated with the risky 

securities, a portfolio of the latter will be manufactured to hedge the risk generated from the former. 

The proportions obtained in Corollary 1 differ markedly from those of Breeden (1984), who, in his 

study, considers futures contracts with an instantaneous maturity perfectly correlated with the state 

variables. This particular definition of futures contracts implies that the demand for the primitive assets 

that serve to hedge state variables vanishes. In contrast, our investor elaborates his (her) strategy by 

including the primitive assets in order to hedge against the risk of the state variables. 
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The refinement achieved by the expressions provided in Corollary 1 presents another major 

advantage. It allows one to assess the weight of each state variable in the Merton-Breeden hedging 

terms and therefore to assess the relevance as well as the importance of the state variables included in 

the investment opportunity set when the investor’s objective is to implement hedging strategies. 

Actually, given the nature of the underlying commodity, some factors may have a strong or a negligible 

effect on these hedging elements implying that these factors may have or have not to be included in the 

opportunity set. Thus, this last may varied according to the nature of the spot commodity to be hedged. 

Since the speculative and the Merton-Breeden components are both affine functions, the investor has, 

in addition, the possibility to separate the impact of the state variables on these components and to 

better understand the overall behavior of his (her) optimal demand.   

 

4. An illustrative example 

 

To get more insights on the impact of the parameters on the model, various simulations are represented 

in figures 1 to 18. We simulate the reaction of the speculative and the hedging demands to the 

investor’s horizon as well as to the state variables evolution. Table 1 summarizes the values of the 

parameters used in our simulations. 

[INSERT TABLE 1 ABOUT HERE] 

 The parameter values are partly inspired from Schwartz’s (1997) and Casassus and Collin-

Dufresne’s (2005) models. They are chosen in order to account for some features characterizing 

commodities. Commodity futures prices are frequently below the current spot price exhibiting 

backwardation (see Litzenberger and Rabinowitz, 1995), which is equivalent to a positive risk premium 

and implies a positive convenience yield. Commodity spot prices and convenience yields follow mean-

reverting processes (e.g. Bessembinder et al., 1995), as well as the short rate, so that 0 and 0 >> kα . 

The constant components of the prices of risk are supposed to be positive, while 

0 and ,0 ,0 <<< rrXXX λ λλ δ  inducing also mean-reversion in prices of risk and strengthening that of the 

state variables (see Cassasus and Collin-Dufresne, 2005). The convenience yield and the spot price are 

related through inventory decisions (e.g. Routledge et al., 2000). During periods of low inventories, the 
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probability that shortages will occur is greater, and hence the spot price as well as the convenience 

yield should be high. Conversely, when inventories are abundant, the spot price and the convenience 

yield tend to be low. It follows that a positive correlation between the convenience yield and the spot 

price may be predicted. Frankel and Hardouvelis (1985) and Frankel (1986) argued that high real 

interest rates reduce commodity prices, and vice-versa. This should imply a negative correlation 

between, on the one hand, interest rates and, on the other hand, spot prices and convenience yields. 

To analyze the impact of risk aversion, optimal demands are depicted for four degrees of 

relative risk aversion (RRA). The first one is that of the investor who is less risk-averse than the 

Bernoulli one. As pointed out by Kim and Omberg (1996), the indirect utility function may explode for 

too low values when 1<γ . To avoid a such a problem, we put 0.7. The second risk aversion parameter 

is the traditional logarithmic function, 1=γ , that separates bounded from unbounded utility functions. 

For a more risk-averse investor than the log-utility investor, we retain a value of 3=γ  for our 

simulations. Finally, according to Mehra and Prescott (1985) risk aversion should be much higher than 

one. To take into account this feature, we choose 6=γ . 

When studying the optimal proportions as a function of the investment horizon, we let this 

horizon vary in the interval [ ]2 ,0∈IT , and we set the maturity of the futures contract and the bond such 

as 12/1+= IH TT  and 5+= IB TT  respectively. That is the futures contract and the discount bond expire 

one month and five years respectively after the end of the investor’s horizon.  

The simulations show that the components of the optimal demand have, despite their 

differences, some common characteristics confirming the financial intuition and our main theoretical 

results. First, as a function of the investor’s horizon, the mean variance and hedging demands of the 

spot commodity behave in an opposite way than that of the futures contract. A short (long) position in 

the spot commodity is partially offset by a long (short) position in the futures contract. Also, opposite 

patterns are followed by the speculative and hedging terms. Second, the lower the investor’s degree of 

risk-aversion, the higher, in absolute values, the speculative proportions. Third, the Bernoulli investor 

appears as the dividing line between hedging and “reverse hedging” positions. Moreover, the hedging 

terms vanish for an investor behaving myopically.   
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[INSERT FIGURES 1, 2, 3, 4, 5, 6, 7 ABOUT HERE]  

Figures 1 trough 7 picture the impact of the changes of the state variables on the speculative demand 

and of the γ parameter. We set the investor’s horizon 1=IT , while the other parameters values remain 

unchanged. As expected, the mean variance components are inversely related to γ and tend to zero as γ 

goes to infinity. Our numerical simulations show that the interest rate has a weak impact on the 

investor’s demand, except for the proportions specific to this variable. We will then omit the majority 

of the figures related to the short rate and will mainly focus our analysis on the influence of the spot 

commodity price and the convenience yield, first, on the speculative demands, and, second, on the 

hedging terms. To examine the role of the spot commodity, its price ranges from 80 dollars to 120 

dollars. For low values of the spot price, the speculative component of the futures contract is positive 

and decreasing, while for high values it is negative and decreasing (see Figure 1). This result may 

essentially be explained by the price of risk associated with the idiosyncratic risk of the convenience 

yield, which is a function of those of the spot commodity and the convenience yield. The sign of 

( )tMV
Hπ  depends on that of ( )tvλ  since the volatility ),( HHv Ttσ  is multiplied by minus - the convenience 

yield and the future price are negatively correlated. To understand this, formally, we have 
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λ . On the one hand, it depends, for the values used 

in these simulations, negatively on the price of risk related to the (log)spot price ( )0<− urSuSr ρρρρ δδ  

and positively to that of the convenience yield ( )0>δρv . On the other hand, mean-reversion in the 

price of risk of the (log)spot price implies that as the latter raises the former declines. In overall, for 

low values of the (log)spot price, its price of risk outweighs that of the convenience yield so that 

( ) 0<tvλ , while for high values of the spot price the inverse holds. An inspection of Figure 1 shows 

that there exists a critical value of the spot price separating positive from negative speculative demands 

for futures contracts10. In other words, the interaction between the prices of risk in conjunction with 

                                                   
10 Kim and Omberg (1996) determine a value of the risk premium at which the position in the risky assets is zero (i.e. the 

speculative term perfectly counterbalances the hedging one), but in a different context: there are not futures contracts in their 

economy and the risk premium does not explicitly depend on the asset price. 
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their mean-reverting behavior determines whether the speculator goes short or long. Since 

0),( <− HHv Ttσ , when ( ) 0<tvλ , though the expected return of the replicable asset ),(Hv TtH  is 

positive, the investor has a short position and vice versa. The speculative proportion of the discount 

bond evolves contrary to that of the futures contracts (see Figure 3). Although a low (high) (log)spot 

price implies a high (low) ( )tuλ , this risk price is partially compensated by a positive (negative) 

position in the futures contract. Figure 7 performs a similar analysis when the speculative element of 

the discount bond varies as a function of the interest rate. The same argument may be put forward to 

explain this pattern. A critical value of the spot price and the short rate can also be determined 

distinguishing long from short positions. 

Contrary to the other two mean-variance terms, that of the spot commodity is positive and 

monotonic increasing in the spot price (see Figure 2). When this last is low, a high, due to mean-

reversion, instantaneous expected return of the spot commodity is negatively adjusted by both the 

speculative position in the futures contract ( )0),( >Σ HHS Tt  and in the bond ( )0),( <Σ BSB Tt . This results 

in a low speculative demand of the spot commodity. Conversely, although a high spot price reduces the 

expected return, a positive mean-variance component of the futures contract and of the bond offset this 

fall inducing a high speculative demand of the spot commodity.  

To underscore the importance of the convenience yield we let it vary between –5% and +15%. 

The speculative demand of the futures contract is an increasing function of the convenience yield and 

takes negative values (see Figure 4). Following the same reasoning as for the spot price, notice that the 

effect of the price of risk associated with the convenience yield dominates that of the spot commodity 

and the speculative demand is negative. However, as the convenience yield approaches to zero and 

becomes positive the difference between the two prices of risk lessens and tends to zero. For 

sufficiently high values of a positive convenience yield the speculative demand may be positive. The 

speculative proportion of the spot commodity is positive and decreasing in the convenience yield (see 

Figure 5). Indeed, the joint effect of mean-reversion in the expected return of the spot commodity and 

the behavior of the speculative demand of the futures contract lead to this result.  
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Figures 8 to 12 depict the reaction of the hedging addends to the changes of the state variables 

for different values of the γ parameter. As can be seen in Figure 8, for low prices of the spot commodity 

( )tHMPR
Hπ  is positive (negative) for a less risk-averse (more risk-averse) agent than the Bernoulli one. 

However, as the spot price goes up, the sign of the investor’s position reverses. The intuition behind 

this result is as follows. When γ>1, an investor facing unfavorable states of the world wishes to hedge 

against this adverse evolution of the investment opportunity set. By contrast, when γ < 1, an investor 

prefers to benefit from “good” states of the world and, hence, from a “good” investment opportunity 

set11. In our case, an agent has, as explained above, a short speculative position for low spot prices, 

which represent favorable investment opportunities. Therefore, when γ<1 (γ>1), the hedging demand, 

( )tHMPR
Hπ , is negative (positive). As spot prices raise, the speculative position becomes a long position 

and the hedging demand involves a short (long) position when γ<1 (γ>1). ( )tHMPR
Sπ  is negative 

(positive) and increasing (decreasing) when γ<1 (γ>1) (see Figure 9). Thanks to mean-reversion, low 

spot prices imply a high positive risk premium associated with the spot price and vice-versa. Thus, a 

more risk-averse investor will hold less of the spot commodity (investment opportunities are good) than 

the myopic proportion, while a less risk-averse investor will hold more. In our case, however, the 

investor has the possibility to use the discount bond and the futures contract as hedging instruments. 

)(tHMPR
Sπ  is thus affected by the hedging terms of the futures contracts and of the bond. This causes 

)(tHMPR
Sπ  to increase when γ<1 and to decrease otherwise.  

Figure 10 presents the impact of the convenience yield on )(tHMPR
Hπ . When the convenience 

yield is negative, ( ) 0>tvλ  and the expected return of ),( Hv TtH  is also negative, but the investor is 

committed to long futures speculative position because of 0),( <− HHv Ttσ . A 0)( <tδ  represents hence 

a good investment opportunity. It follows that 0)(>tHMPR
Hπ  ( )0)( <tHMPR

Hπ  for γ>1 (γ<1). As )(tδ  

                                                   
11Campbell and Viceira (1999) and Wachter (2002) invoke the income and the substitution effects to explain the behavior of 

the hedging terms. Due to the income effect, an improvement of the investment opportunities results in a higher consumption. 

It is compensated by the substitution effect which implies that the greater the investment opportunities the higher the savings. 

For investors with a γ > 1, the income effect dominates. 
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increases and becomes positive, the investment opportunity set deteriorates and )(tHMPR
Hπ  declines 

(rises) when γ>1 (γ<1). Its singe may be reversed for high values of )(tδ . Notice that )(tHMPR
Bπ  is 

heavily influenced by )(tHMPR
Hπ  and exhibits the same pattern. Conversely, the convenience yield 

affects )(tHMPR
Sπ  in an opposite but more moderate way than )(tHMPR

Hπ , since it acts on both the prices 

of risk associated with the spot commodity and the convenience yield. The Merton-Breeden hedging 

terms have a common feature worth mentioning. They lie, for γ = 6, between those for γ = 0 and γ = 3 

meaning that for more risk-averse agents than the logarithmic, beyond a certain level of the risk-

aversion coefficient, the hedging demand decreases12. This feature may be explained as follows. For 

high degrees of risk aversion, investors privilege less risky assets and limit their investment in risky 

assets whatever the level of the sate variables.  

 [INSERT FIGURES 13, 14, 15, 16, 17, 18 ABOUT HERE] 

We turn now to the study the reaction to the investor’s horizon of the optimal demands, which 

are displayed in figures 13 to 18. To avoid any confusion, a preliminary remark is in order. The 

speculative demands are independent from the investor’s horizon. However, as we let HT  and BT  vary 

with the investor’s horizon, these proportions changes as IT  is modified. A clear distinction can be 

operated between the mean-variance elements related to the interest rate (Figure 15) from those 

associated with the spot commodity and the futures contract (Figures 13 and 14). The latter are non-

linear and sharply increase or decrease for a short horizon but they rapidly reach an asymptote for a 

longer term. This is due to the pattern of the synthetic assets price volatility, ),( HHv Ttσ : it flattens for a 

long horizon but is highly non-linear when the horizon shrinks. In contrast, the terms relative to the 

short rate are almost linear. Indeed, as the correlation between the interest rate and both the 

convenience yield and the commodity is low, these terms are essentially driven by the volatility of the 

                                                   
12 Wachter (2002), though in a different context, reports a similar result for the consumption/wealth ratio. Campbell and 

Viceira (1999) explained this phenomenon by analyzing the relation between the coefficient of the relative risk aversion, γ, 

and the elasticity of intertemporal substitution, which in the case of a CRRA utility function, is equal to the reciprocal of γ, 

that is, equal to the investor’s risk tolerance. 
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bond. This last slowly varies with the horizon, and, as a consequence, the demand for the bond. The 

evolution as time passes of the hedging terms generated by the prices of risk has a striking feature. The 

hedging components stemming from the prices of risk associated with the futures contract and the spot 

commodity, in particular, are not monotonic in IT (Fig.16 and 17). They exhibit a peak or a though 

attain an optimum for a short horizon.  For a longer horizon, they may evolve in a counter-intuitive 

way. For instance, for a less (more) risk-averse investor, )(tHMPR
Hπ  slightly increases (decreases).  

 

4. Concluding remarks 

 

In this paper, optimal hedging decisions involving commodity futures contracts have been 

studied in a continuous-time environment (i) for an unconstrained investor with a constant relative risk 

aversion utility function (CRRA), (ii) when spot prices, interest rates and, especially, the convenience 

yield evolve randomly over time, and (iii) market prices of risk are stochastic and affine functions of 

the state variables. In this setting, by using a suitable CRRA specific change of probability measure, we 

derive the investor’s optimal demand, which consists of a speculative component affine in the state 

variables and two so called hedging terms. The first hedging component is associated with interest rates 

uncertainty. This term, which vanishes in the case of constant interest rates, involves a discount bond 

with a maturity equal to the investor’s investment horizon. The second one deserves a great attention 

because it has some interesting properties, partly shared with the speculative element, distinguishing 

our results from those of other papers. It is composed of affine in the state variables Merton-Breeden 

hedging terms resulting from the (square) market prices of risk. They underline the role played by the 

primitive assets and the futures contracts as hedging instruments against the idiosyncratic risk of the 

state variable, the convenience yield in particular. Both the speculative component and the Merton-

Breeden hedging terms can be couched in a recursive way depending on the first two moments of the 

state variables and on correlation coefficients. The main implication of these properties is that the 

investor may measure the effect of each state variable on his (her) optimal demand and decide on 

which of those variables are effectively important when s(he) pursues a hedging objective.   
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  The economic framework of this paper can be extended in several directions. First, the 

general setting may usefully be adapted to the investor’s allocation problem in the case of stocks 

paying a dividend. Second, a natural extension of this paper is to derive optimal demands for a 

constrained investor. Third, commodities markets are highly volatile and spot assets exhibit jumps (see, 

for instance, Hilliard and Reis, 1998; Yan, 2002). The effect of jumps on the optimal asset allocation 

with commodities remains an open question. Fourth, another observed characteristic distinguishing 

commodities from financial assets is that commodity prices exhibit seasonal patterns (see Richter and 

Sorensen, 2006). It would be of great interest to examine how seasonality modifies the investor’s 

hedging behavior. Finally, it is now acknowledged in the relevant literature that the convenience yield 

is not observable: indeed, in a partially observable economy (see, for instance, Dothan and Feldman 

1986; Detemple 1986; Gennotte 1986; Xia 2001) an agent can estimate one or more unobserved state 

variable(s) given information conveyed by past observations spawned by observable state variables via 

the continuous-time Kalman-Bucy filter. One important extension would therefore be to study how the 

incomplete information affects optimal asset allocation. 

 

Appendix. Proofs 

Appendix A. Proof of Proposition 1.  

 By using expression (4) and by operating the appropriate calculations )(tyγ  can be expressed 

as a quadratic function of the state variables. 
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The dynamics of the state variables under the probability ( )ITP ,γ  are given by:  
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−+=   and, by Girsanov’s theorem, 
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TI ,)(

1
1)()(, σλ

γ
γ −








−+=  is a Brownian motion under ( )ITP ,γ .  

The Feynman-Kac formula for quadratic processes under the probability ( )ITP ,γ implies that 

equation (14) is solved by the partial differential equation (PDE): 

( )[ ] ( ) ( ) ( ) ( ) 0,)(,,)()(,
2

1 '

, =−+−+Σ IIIYIY TtBtyTtBTtBtYtTtBtr
tYYY γγγγγγγ µµ  (A.1) 

with the terminal condition ( ) 1, =II TTBγ . tr[.]  denotes the trace of a matrix, and 

( ) ( ) ( )III TtBTtBTtB
YYYt

, and , ,, γγγ  represent the first and second order partial derivatives with respect to t 

and Y(t) respectively. 

We use the standard separation of variables method and consider a discount bond price 

function of the form:  
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where ( ) ( ) ( )III TtBTtBTtB ,, and ,,,,, 210 γγγ  are functions of time to maturity that are assumed to be 

continuously differentiable. These functions satisfy the terminal condition: 

( ) ( ) ( ) 0,,,,,, 210 === IIIIII TTBTTBTTB γγγ . Differentiating (A.2) with respect to t and Y(t) yields:  
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Substituting these partial derivatives into the PDE (A.1), collecting terms in Y(t), Y(t)2, and terms 

independent of the state variables gives the following ordinary differential equations (ODEs) subject to 

the terminal conditions:  
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By using Itô lemma, ),( ITtBγ  and ),,( ITtγϕ  follow respectively the SDEs: 
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Note that ),( ITtγµ and ),( ITtφµ are irrelevant for our allocation problem and will not be specified. By 

using Leibniz type rule for stochastic integrals (see Munk and Sorensen, 2004), ),,(ITtγΦ  obeys the 

following equation: 
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 By using Itô’s lemma, the instantaneous return of the optimal wealth (15) may be written:  
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Identifying the diffusion terms of the admissible wealth (16) and the optimum wealth (A.4) 

yields: 
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which leads to equation (17).  

 Parts a), b) and c) of Proposition 1 can directly be obtained from this equation. 
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Appendix B. Proof of Proposition 2. 

The following matrix products give: 
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By using equation (18) and by rearranging terms, we obtain: 
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By replacing the first two moments and the appropriate covariances of the synthetic assets into (B.3) 

and (B.4), equations (21), (22) and (23), in the main text, are obtained. 

 

Appendix C. Proof of Proposition 3. 

a) Expression (24) can easily be derived by operating the computation of ),(1
BB Ttσσ−Σ .  

b) ( )IB Tt,
γ

σ  may be written, in the orthogonal basis, in the following manner:  

( ) ( ) ( ) ( )[ ]',,,, IvBIuBISBIB TtTtTtTt
γγγγ

σσσσ =  

Equation (20) may thus be expressed as: 
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Using (B.1) leads to equations (25). 

c) Let I be a 3-dimensional identity matrix and 321 , , III be its columns. Then, we have 
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Plugging the above expression into equation (20) and rearranging terms leads to equations (26) and 

(27). 

 The first order derivative of ( )ITtB ,γ  with respect to the state variables can be written:  
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derivatives into (C.1) gives:  
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Expressions (C.2) and (25) allow to establish equation (27’). 

 

Appendix D. Proof of Corollary 1. 

By using (B.1), computing the matrix product iσσ1−Σ , { })(),(),( ttrtXi δ∈  and substituting the result 

into equation (27) for each state variable. By calculating the appropriate covariances between the state 

variables and, on the one hand, the traded assets and, on the other hand, the synthetic assets, and by 

rearranging terms allow one to derive expressions (28) to (35).  
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Table 1 

Numerical values of the parameters used in the model 

r  δ  X  α  κ  δ  Sσ  rσ  δσ  f(0,t) 

0.04 0.07 4.6 0.25 1.5 0.05 0.35 0.01 0.25 0.04 

0Xλ  0rλ  0δλ  XXλ  δλX  rrλ  δδλ  Srρ  δρS  δρr  

12 0.15 0.5 -2.5 -1.5 -6 -2 -0.15 0.7 -0.1 
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Fig. 1. Speculative futures proportion varying with the 
commodity price. This figure plots )(tMV

Hπ as a function 
of the (logarithm) commodity price ranging from $80 to 
$120 for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 2. Speculative commodity proportion varying with 
the commodity price. This figure plots )(tMV

Sπ as a 
function of the (logarithm) commodity price ranging from 
$80 to $120 for 7.0=γ (solid line), 1=γ (dashed-dotted 
line), 3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 3. Speculative bond proportion varying with the 
commodity price. This figure plots )(tMV

Bπ as a function 
of the (logarithm) commodity price ranging from $80 to 
$120 for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 4. Speculative futures proportion varying with the 
convenience yield. This figure plots )(tMV

Hπ as a function 
of the convenience yield ranging from -5% to 15% 
for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 5. Speculative commodity proportion varying with 
the convenience yield. This figure plots )(tMV

Sπ as a 
function of the convenience yield ranging from -5% to 
15% for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 6. Speculative bond proportion varying with the 
convenience yield. This figure plots )(tMV

Bπ as a function 
of the convenience yield ranging from -5% to 15% 
for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 
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Fig. 7. Speculative bond proportion varying with the 
interest rate. This figure plots )(tMV

Bπ as a function of the 
interest rate ranging from 1% to 8% for 7.0=γ (solid 
line), 1=γ (dashed-dotted line), 3=γ (dotted line), 

6=γ (dashed line). The other parameters are given in 
Table 1. 

Fig. 8. Price of risk hedging futures proportion varying 
with the commodity price. This figure plots )(tHMPR

Hπ  as 
a function of the (logarithm) commodity price ranging 
from $80 to $120 for 7.0=γ (solid line), 1=γ (dashed-
dotted line), 3=γ (dotted line), 6=γ (dashed line). The 
other parameters are given in Table 1. 

Fig. 9. Price of risk hedging commodity proportion 
varying with the commodity price. This figure 
plots )(tHMPR

Sπ  as a function of the (logarithm) 
commodity price ranging from $80 to $120 
for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 10. Price of risk hedging futures proportion varying 
with the convenience yield. This figure plots )(tHMPR

Hπ  as 
a function of the convenience yield ranging from -5% to 
15% for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 11. Price of risk hedging commodity proportion 
varying with the convenience yield. This figure 
plots )(tHMPR

Sπ  as a function of the convenience yield 
ranging from -5% to 15% for 7.0=γ (solid 
line), 1=γ (dashed-dotted line), 3=γ (dotted line), 

6=γ (dashed line). The other parameters are given in 
Table 1. 

Fig. 12. Price of risk hedging bond proportion varying 
with the convenience yield. This figure plots )(tHMPR

Bπ  as 
a function of the convenience yield ranging from -5% to 
15% for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

1919



 45

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
-12

-10

-8

-6

-4

-2

0

Investor's horizon (years)

S
pe

cu
la

tiv
e 

fu
tu

re
s 

co
nt

ra
ct

 p
ro

po
rt

io
n

γ=0.7

γ=1

γ=3

γ=6

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
0

2

4

6

8

10

12

Investor's horizon (years)

S
pe

cu
la

tiv
e 

co
m

m
od

ity
 p

ro
po

rt
io

n

γ=0.7

γ=1

γ=3

γ=6

 

 

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
0

0.2

0.4

0.6

0.8

1

1.2

1.4

Investor's horizon (years)

S
pe

cu
la

tiv
e 

di
sc

ou
nt

 b
on

d 
pr

op
or

tio
n

γ=0.7

γ=1

γ=3

γ=6

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

0.25

0.3

Investor's horizon (years)

P
ric

e 
of

 r
is

k 
he

dg
in

g 
fu

tu
re

s 
co

nt
ra

ct
 p

ro
po

rt
io

n

γ=0.7

γ=1

γ=3

γ=6

 

 

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

0.3

Investor's horizon (years)

P
ric

e 
of

 r
is

k 
he

dg
in

g 
co

m
m

od
ity

 p
ro

po
rt

io
n

γ=0.7

γ=1

γ=3

γ=6

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

0.25

0.3

Investor's horizon (years)

In
te

re
st

 r
at

e 
he

dg
in

g 
di

sc
ou

nt
 b

on
d 

pr
op

or
tio

n

γ=0.7

γ=1

γ=3

γ=6

 
 

Fig. 13. Speculative futures proportion varying with the 
investor’s horizon. This figure plots )(tMV

Hπ as a function 
of the investor horizon ranging from 0 to 2 years 
for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 14. Speculative commodity proportion varying with 
the investor’s horizon. This figure plots )(tMV

Sπ as a 
function of the investor horizon ranging from 0 to 2 years 
for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 15. Speculative bond proportion varying with the 
investor’s horizon. This figure plots )(tMV

Bπ as a function 
of the investor horizon ranging from 0 to 2 years 
for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 16. Price of risk hedging futures proportion varying 
with the investor’s horizon. This figure plots )(tHMPR

Hπ as 
a function of the investor horizon ranging from 0 to 2 
years for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

Fig. 17. Price of risk hedging commodity proportion 
varying with the investor’s horizon. This figure 
plots )(tHMPR

Sπ as a function of the investor horizon 
ranging from 0 to 2 years for 7.0=γ (solid 
line), 1=γ (dashed-dotted line), 3=γ (dotted line), 

6=γ (dashed line). The other parameters are given in 
Table 1. 

Fig. 18. Interest rate hedging bond proportion varying 
with the investor’s horizon. This figure plots )(tHMPR

Bπ as 
a function of the investor horizon ranging from 0 to 2 
years for 7.0=γ (solid line), 1=γ (dashed-dotted line), 

3=γ (dotted line), 6=γ (dashed line). The other 
parameters are given in Table 1. 

1920



1

DO INVESTORS BENEFIT FROM THE USE OF OPTIONS AND COMPLEX DE-
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Abstract
This study investigates the advantages and disadvantages of the use of options and
complexity of derivatives strategy of a hedge fund in relation to its performance and 
risk characteristics. The results suggest that the use of options is driven by asset spe-
cialization, leverage, and incetive fees for equity funds which also may benefit from 
the use of options for equity. However, asset specialized use of options generally has 
an adverse impact on the asymmetry of hedge fund returns which causes the benefits 
from the use of options to be less attractive. Moreover, the use of a more complex 
derivatives strategy of a hedge fund results as a lower performance and a fatter left-
tail of its return distribution.
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INTRODUCTION

Hedge funds are freely regulated investment vehicles that can use options, other complex deriva-

tives, and complex derivate strategies. A well known example of a hedge fund that used options 

and a wide range of different derivative strategies is the Long-Term Capital Management

(LTCM). This hedge fund had huge bets with extremely high leverage leading to approximately 

$4.6 billion losses during the time of the Russian crisis. However, the knowledge of the conse-

quences of the actual use of options and complex derivatives strategies in hedge funds is still un-

discovered. This issue is especially relevant for hedge funds as they are not as restricted in their 

investment strategies as mutual funds, and therefore they can be considered as a laboratory to 

investigate limitations of the advantages of derivatives strategies and options.

The use of options and derivative strategies of hedge funds may be beneficial for them

and allow the use of wide range of strategies, tools for risk management, and liquidity. Options 

may be important tools for informed trading in the use of hedge funds (see, e.g., Easley, O’Hara, 

and Srinivas 1998; Chakravarty, Gulen, and Mayhew 2004) which can also have an impact on 

the performance of hedge funds. Thus, a hedge fund could benefit from the use of options and 

other derivatives by using them in informed trading and profitable trading strategies in addition 

to the risk management (see Chen 2008) and cash management (see Frino, Lepone, and Wong 

2006). Indeed, Aragon and Martin (2007) find evidence that stock option holdings of hedge fund 

advisors have predictive power for future stock returns.

The objectives of this study are to investigate advantages and disadvantages of the use of 

options and more complex derivative strategies of a hedge fund from investors’ viewpoint. The 

research question of this study is threefold: first, this study examines whether the use of options 

is associated with the use of leverage, asset specialization, and the higher incentive fees which 
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would be consistent with informed trading. Intuitively, the market focus is related hereafter to 

asset-specialization which would lead to an information advantage when higher leverage would 

be desired. Second, this study examines whether the use of options for the primary asset class of 

a hedge fund affects its performance and risk characteristics. Third, this study examines whether 

the use of a more complex derivatives strategy has an impact on the performance and risk char-

acteristics of a hedge fund. In the analysis of risk characteristics, skewness and kurtosis of hedge 

fund return distributions are also considered. These problems are investigated using 3382 indi-

vidual hedge funds obtained form the Lipper TASS hedge fund Database over the period 1994-

2006.

It is expected that the use of options of a hedge fund is driven by asset specialization and

the use of leverage of a fund due to informed trading via options markets. Aragon et al. (2007) 

support this expectation as they find that stock option holdings for hedge fund advisors include 

predictive information for future stock prices. Consistently, the use of options for the primary 

asset class of a hedge fund, which is hereafter defined as the asset specialized use of options,

should have a positive impact on its measured performance; informed trading should yield better 

performance. Hedge funds, indeed, seem to have market timing ability in their focus market (see 

Chen 2006), and therefore asset specialization could be associated with informed trading. Also, 

when assumed that performance based compensation would be aligned to investors’ interests 

(see Holmström 1979), options should be associated with higher incentive fees as compensation 

informed trading.

There are also at least two considerable reasons why the use of options may improve 

hedge fund performance: first, the ability to trade options can be used for better risk management

as the results of Chen (2008) implies. Second, the ability to trade options allows hedge funds to
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use wider range of trading strategies which may be profitable. However, the asymmetry of option 

payoffs may also cause asymmetry in return distributions of hedge funds. Therefore, possible 

advantages from hedging risks may vanish after accounting for asymmetry of hedge fund returns.

The two arguments may also be related to the use of complex derivatives strategies. However, 

following the evidence of John and John (2006) the use of complex derivatives strategies may 

lead to better performance statistics but also to higher probability to suffer larger losses than pre-

dicted by the normal distribution.

Chen’s (2008) findings suggest that the use of derivatives is hedging motivated and asso-

ciated with less risk shifting. This study contributes to the previous literature as it is, to the best 

of researcher’s knowledge, the first that investigates the performance and risks of hedge funds in 

relation, specifically, to the use of options and argues that their use is driven by leverage and as-

set specialization associated with informed trading, not just risk management. The results of 

Aragon et al. (2007) stress the use of stock options by hedge funds to informed trading but they 

do not align informed trading directly to hedge fund performance. This study, instead, aligns the 

use of options of hedge funds to their performance and examines whether options are used for 

informed trading using a large sample of hedge funds.

Chen (2008) also investigates the use of derivatives in general and neglects heterogeneity 

of derivative instruments. This study subdivides hedge funds according to their primary asset 

classes consistent with the asset specialized use of derivatives to account for heterogeneity of 

hedge funds as well as derivatives. The use of derivatives and consequences of it may vary for 

different assets.

In brief, the results of this study provide evidence for the asset specialized and leverage 

driven use of options by hedge funds. The results also suggest that equity specialized use of op-
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tions may improve performance and reduce risk of hedge funds but this impact disappears at the 

individual fund level once the analysis account for the asymmetry of hedge fund returns. Never-

theless, the results also vary significantly across hedge funds and asset specialization. The use of 

a more complex derivative stratregy is a significant factor fat-tails in hedge fund returns and 

weaker performance of a hedge fund. 

The remainder of this study is organized as follows. Section 2 is a review of relevant lit-

erature. Section 3 is for developing the hypothesis of this study. Section 4 describes the method-

ology. Section 5 describes data of this study. Section 6 reviews the results. Section 7 is for the 

conclusions of this study. 

DERIVATIVES USE AND FUND PERFORMANCE

The pioneering empirical evidence of Koski and Pontiff (1999) for derivative use and fund per-

formance employed data which was conducted using telephone interviews for mutual fund man-

agers. The sample period for fund returns in the study is from January 1992 to December 1994.

The results of the study suggests that equity mutual funds that use derivatives show similar risk 

exposures and performance than equity mutual funds which do not use derivatives.

Besides investigating the impact of the use of derivatives on fund performance and risk of 

a fund, many previous studies on derivative use of funds also study the causes of the use of de-

rivatives. Deli and Varma (2002) report this type of information as they investigate funds’ incen-

tives to use derivatives. They find that derivatives offer transaction costs benefits. Moreover, 

their empirical results support the hypothesis of the study that the choice of a fund to permit de-

rivative investments is driven by transaction cost benefits weighted against the potential agency 

costs.
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Johnson and Yu (2004) study the use of derivatives by 988 mutual funds in Canada over 

the period. In general, their results show that the use of derivatives by Canadian mutual funds 

does not have an adverse effect on fund return and risk. The results are also heterogeneous for 

different kinds of funds. Fixed income funds that use derivatives show higher return and risk 

than derivative nonusers. Domestic equity funds that use derivatives seem to have higher returns 

and bear higher risks than derivative nonusers. However, the exclusion of equity warrants from 

derivative definition causes the risk return differential of domestic equity funds to disappear1.

Pinnuck (2004) examine both the characteristics of stocks preferred by 35 Australian eq-

uity investment managers and their use of derivatives over the period 1990-1997. The results 

show that the use of derivatives by fund managers is more popular among large than small fund 

managers. Moreover, the study suggests that fund managers use derivatives to both increase and 

decrease their exposure to stock market risk.

Fong, Gallagher, and Ng (2005) study the role and benefits of derivative securities in ac-

tive equity portfolio management. The study also employs Australian data of 48 equity funds ob-

tained from the Portfolio Analytics Database over the period 1993-2003. Upon their results the 

authors conclude that the use of derivatives have a negligible impact on fund returns. The results 

for their sample also suggest that options are not used for informed trading. In addition, the study 

shows evidence that option trading patterns of investment managers are related to execution of 

momentum trading strategies.

Frino et al. (2006) investigate the impact of derivative use on fund performance. They 

separate funds that use derivatives for cash equitisation from other derivative users2. The study

reaches different findings than Koski et al. (1999), Johnson et al. (2004), and Fong et al. (2005). 

                                                
1 The authors relate the effect of excluding equity warrants to natural resource bias in the Canadian stock market
2 Cash equitisation refers to the use of derivatives for changing assets such as equities to cash more easily and with 
lower transaction prices
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In particular, the results of the study suggest that derivatives can reduce the burden of increased 

fund flow and improve managed fund performance when derivatives are used for cash equitisa-

tion.

Marín and Rangel (2006) study the use of derivatives in the Spanish mutual fund industry

of 1,707 funds from March 1995 to March 2005. The results of the study relate derivative use to 

larger fees, large funds, funds with low dividend yield, and members of fund families in which 

other funds also use derivatives. The authors also argue that derivatives are used for speculative 

purposes instead of hedging purposes and management of cash inflows and outflows more effi-

ciently. Marin et al. (2006) find in line with Koski et al. (1999), Johnson et al. (2004), and Fong 

et al. (2005) that the use of derivatives on average does not improve fund performance and in 

most of their fund categories derivative users underperform nonusers. However, for fixed income 

funds, the authors find weak evidence supporting outperformance due to derivatives use.

As the above discussed evidence concerns conventional mutual funds, three recent stud-

ies by Chen and Liang (2007), Aragon et al. (2007), Chen (2008), and Chen (2006) report evi-

dence of derivative use of hedge funds. Specifically, Chen (2006) compares market timing char-

acteristics between portfolios of hedge funds that use options and do not use options. The author

concludes that the results were not different between option users and nonusers. Chen et al. 

(2006) also finds that the results for market timing ability of hedge funds is not altered by the use 

of options but they focus only on market timing hedge funds and examine only s sample of 100 

funds that report their use of options.

Aragon et al. (2007) investigates quarterly holdings of 250 hedge fund advisors over the 

1999-2005 period. The authors find that stock holdings have some predictive power but predic-

tive power of option holding is found to be more pronounced for options. Moreover, deep out-of-
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the-money options and puts exhibit the highest predictive power for future stock returns in the 

sample of Aragon et al. (2007). 

Chen (2008) investigates derivatives use and risk taking in the hedge fund indus-

try using the Lipper TASS hedge fund database using a sample period from January 1994 to De-

cember 2006 with an initial sample of 6877 hedge funds. Chen (2008) also investigates exten-

sively the determinants of the use of derivatives by hedge funds. Specifically, his results suggest

that higher minimum investment requirement, higher incentive fees, the absence of lockup provi-

sion, requirement of three year lockups, managerial ownership, the absence of high watermarks,

and effective auditing are associated with higher probability of a hedge fund to use derivatives. 

The results of Chen (2008) also suggest that some hedge fund categories also affect the probabil-

ity of hedge funds to use derivatives.

Chen (2008) does not find significant difference in performance between derivative users 

and nonusers after adjusting for systematic risk. But his results implicate a weakly statistically 

significant and negative impact of the use of derivatives on on the Sharpe ratio of a hedge fund.

For the association between risk and derivatives use, he finds that the use of derivatives is asso-

ciated with lower risk of a hedge fund. Also, the results suggest that derivatives use have a posi-

tive and statistically significant impact on kurtosis of a hedge fund.

HYPOTHESIS DEVELOPMENT

A. Informed Trading and the Use of Derivatives by Hedge Funds

Black (1975) suggests that the higher leverage available in options markets may attract specula-

tors to prefer options instead of their underlying assets. Several studies followed by Black 

(1975), for example Easley et al. (1998), Chakravarty et al. (2004), suggest that informed traders 
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invest in option markets. Chakravarty et al. (2004) also suggest that the price discovery across 

option strike price is associated with leverage supporting Black’s (1975) viewpoint.

But Fong et al. (2005) show evidence that there is no abnormal price movement in the 

underlying stocks after managers’ purchases of options, and therefore the managers would not 

engage in informed trading. However, Fong et al. (2005) construct their data on invitation basis 

for the largest Australian investment managers and there is a possibility that the data may be bi-

ased towards not informned managers. Hedge funds which are natural arbitrageurs, instead, aim 

to mask their investment strategies not giving detailed information. Indeed, if fund managers 

have private information, it should be much more convenient to run a hedge fund rather than a

mutual fund due to less transparency so that the private information would not be revealed to 

other market participants. And, when considering the evidence by Wermers (2000) for the asso-

ciation between high fund turnover and outperformance, it is credible to expect that hedge funds 

which may have very high turnover engage in informed trading.

Informed trading by a hedge fund should follow asset specialization of a hedge fund and

cause willingness to use higher leverage to enhance its returns from informed trading. This as-

sumption should be credible as Eichhold, Veld, and Schweitzer (2000) show evidence for REIT 

investment trusts that property specialization leads to outperformance. Chen (2006) also finds 

that hedge funds show market timing ability in their focus market which implicates that asset 

specialization of a hedge fund is beneficial. Accordingly, the asset specialization would lead an

information advantage and hedge funds should engage this trading via options markets which 

offer leverage. Investors in turn are willing for higher performance-compensation for informed 

trading and higher incentive fees should incidence with the use of op since performance based 
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compensation should be aligned the interests of investors (see Holmström 1979). As a result, the 

first hypothesis of this study is the following:

H1: The use of options of a hedge fund for a particular asset class is driven by asset specializa-

tion on the underlying asset, the use of leverage, and higher incentive fees.

The first hypothesis is not entirely in line with Chen (2008) who finds that the use of derivatives 

is associated with lower risk of funds as increased leverage should increase the risk as well. 

However, it is unlikely that all derivatives are used in the same way by every fund, and therefore 

it is convenient to assume heterogeneity between the use of derivatives which is also supported 

by the findings of Pinnuck (2004) that derivatives are used both for increasing and decreasing the 

level of market exposure.

The first hypothesis is also considered when forming other hypothesis in this study be-

cause. By classification of hedge fund samples due to their asset specialization, it possible to the 

some extend assume that the asset specialized use of some derivative is rather associated with 

informed trading while the use of other type of derivative would not be. For instance, the asset 

specialized use of equity options would be closer to informed trading while not asset specialized 

use of currency derivatives may be rather management of the currency risk of a hedge fund

B. Performance and Risk Characteristics of Hedge Funds and Options Use

Beside the possibility to use options for informed trading, options and other derivatives can be 

used in various profitable investment strategies such as volatility trading. For instance, Hill, Ba-

lasubramariam, Gregory, and Tierens (2006) suggest that short-term index option strategies can 
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enhance investment risk profiles. Also for currencies, Guo (2000) shows empirical evidence that 

dynamic volatility trading strategies on currency option markets may improve risk-return pro-

files.

Chen (2008) finds evidence that the use of derivatives has a positive impact on the 

Sharpe ratio of a hedge fund. But there are no considerable reasons why the use of options 

should have a negative impact on the performance of a hedge fund unless the use is costly. High-

er performance statistics from the use of derivatives may also be related to the use of more com-

plex derivative strategies by a hedge fund. Especially, when considering the implications of the 

study of John et al. (2006) that when commonly used incentive characteristics are assumed, man-

agers use complex derivative strategies which result as an improvement of performance statis-

tics. Thus, the following hypotheses are formed:

H2a: The asset specialized use of options decreases hedge-fund risk.

H2b: The use of a more complex derivative strategy of a hedge fund decreases risk.

H3a: The asset Specialized use of options increases hedge-fund performance.

H3b: The use of a more complex derivatives strategy improves hedge fund performance.

However, it is already known that the return distributions of hedge funds have fat left tails (see, 

e.g., Brooks and Kat 2002). The use of options may be one cause of these hedge fund return cha-

racteristics because options have asymmetric payoffs and hedge fund managers may employ de-

rivative strategies which produce high kurtosis and negative skewness. Specifically, John et al.

(2006) show that when commonly used incentive characteristics are assumed, managers indeed

use complex derivative strategies which also lead to small probability of large losses in addition 

1931



13

to improved performance statistics. Interestingly, hedge fund payoffs resemble synthetic options 

which may partly be a caused by the use of options (see, e.g., Fung and Hsieh 1997, 2001; Mit-

chell and Pulvino, 2001; Agarwal and Naik, 2004). Accordingly, the above implication lead to

the following hypotheses:

H4a: The asset specialized use of options has a negative impact on the skewness and a positive 

impact on kurtosis of hedge fund return distributions, and increases left-tails of the returns dis-

tribution.

H4b: The use of a more complex derivative strategy of a hedge fund has a positive impact on the

skewness and a negative impact on kurtosis of its return distributions.

METHODS

A. The Selection of Other Fund Characteristics in the Cross-Sectional Analysis

Chen’s (2008) results suggest that the use of derivatives by a hedge fund is associated with

higher minimum investments, higher incentive fees, less restrictive redemption policy, manage-

rial ownership, the absence of lock-up periods, the absence of high-watermarks, and the use of 

auditing services. Therefore, management fee, incentive fee, restriction period time, lock-up pe-

riod, a dummy variable if manager invests personal capital in the fund, and a dummy variable 

indicating 1 if a hedge fund is audited are included as control variables to account for these char-

acteristics. Other relevant hedge fund characteristics included in the model are minimum invest-

ment in a hedge fund, natural logarithms of size and age, a dummy variable indicating 1 if a 

hedge fund is open to public, a dummy variable indicating 1 if a hedge fund is a closed-end fund,
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a dummy variable indicating 1 if a hedge fund uses a high watermark, hedge fund strategy dum-

mies excluding the multi-strategy3, dummies variables fund’s reported asset classes, and dummy 

variables for fund’s reported asset focuses other than examined. 

Auditing of a hedge fund and the openness of a hedge fund to public may be substituted 

to higher transparency of a hedge fund. As hedge funds practically do not report whether they are 

audited but may not report auditing date in the TASS database, non-missing auditing dates are 

used to a proxy for auditing similar to Liang (2003) and Chen (2008). Personal capital invested 

by a manager may be associated with better fund quality and as lower risk gaming (see Hodder 

and Jackwerth 2007; Kouwenberg and Ziemba 2007) and, in theory, higher quality (see Leland 

and Pyle 1997).

Two additional control variables which indicate sophistication of a hedge fund and are 

included on the analysis are the natural logarithms of fund size and age. These variables can be 

considered as proxies for the evolution and sophistication of a hedge fund. Management fee and 

incentive fees can be considered as signals of fund quality, and therefore these variables may im-

plicate lower risk and better performance. In fact, Ackermann, McEnally and Ravenscaft (1999) 

find evidence that incentive fees are capable in explaining hedge fund performance. 

Lockup, redemption, and payout periods may implicate higher illiquidity risk which may 

be substituted to higher returns through illiquidity risk premium (see, e.g. Amihud and Mendel-

son 1986). For hedge funds, the results of Aragon (2007) suggests that share restrictions of a 

hedge fund are associated with higher risk premium in the hedge fund investment strategy. Thus, 

redemption and payout periods and lock-up periods, which resemble the share restrictions, are 

also combined in the performance and risk analysis in addition to the closed-end dummy vari-

                                                
3 Multi-strategy is used as an omitted variable category to avoid dummy trap. Hedge fund strategies included as con-
trol variables are the convertible arbitrage, event-driven, dedicated short bias, equity long-short, emerging market, 
equity market-neutral, fixed income arbitrage, global/macro, and managed futures.
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able. Redemption and payout periods in days are combined to a single restriction variable in the 

analysis of this study following Agarwal, Daniel, and Naik (2007) and Klebanov (2008).  Lock-

up period in months is still included in the analysis as an individual variable.

Leverage must be considered as a dummy variable in the regression analysis (1 = lever-

age) because the use of leverage may have an impact on risk. In the Lipper TASS hedge fund 

database, hedge fund managers report their average and maximum leverage that they use beside 

information whether they use of not use leverage less fund maangers inform their maximum and 

average leverages. Also, it is more reasonable to use dummy variable to indicate leverage use in 

this study due to time-varying leverage and the hypothesis of this study which do not predict 

anything about the level of leverage of a hedge fund.

 High watermarks may also have an impact on the risk of a hedge fund as managers may 

increase risk if their performance is under the watermark, and vice versa. For instance, the analy-

sis of Goetzmann, Ingersoll, and Ross (2003) suggests that especially high variance strategies 

and strategies which are associated with higher sensitivity of investors to withdraw their money 

should motivate to high-water mark contracts. 

The models of this study are augmented using time dummies to account for time-varying 

performance of hedge funds. Specifically, for each year from 1994 to 2006, a dummy variable 

which takes a value of 1 if a hedge is listed in the database more than 6 months during the year.

The choice of 6 month threshold is simply a compromising for selection funds for each year be-

tween their inclusion from 1 to 12 months.

B. Determinants of Derivatives Use by Hedge Funds
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For testing determinants of derivatives use by hedge funds, logistic regression analysis (LRS) is 

used. The empirical model for testing the cross-sectional analyses of options use is the following

(Model 1):
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where jiDERIVATIVE  defines the use of derivative j by fund i; iTIONSPECIALIZA  defines a 

dummy variable for the specialization for the same asset as the asset class of jiDERIVATIVE , and

iCONTROL defines an additional control variable j of fund i. In addition to the above mentioned 

fund characteristics these control variables also include dummy variables for invested asset 

classes, other asset focuses than the same of jiDERIVATIVE .

C. Cross-Sectional Analysis of Performance and Risk

The empirical analyses of this study continue with cross-sectional analysis of the hedge fund per-

formance after examining the determinants of options use. In these analyses, the dummy vari-

ables for the use of other derivatives and options for each asset class (1 = use options or other 

derivatives) form variables for asset classes respectively. These variables are used to indicate 

whether the use of particular derivatives has an impact on hedge-fund performance and risk.

Other primary focuses, other invested asset classes, and hedge fund strategies are controlled sim-

ilar to the previous analysis. The empirical model for the cross-sectional performance and risk 

characteristic analyses of hedge funds is the following (Model 2):
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where jiMEASURE  defines a risk/performance measure j of fund i; jiCONTROL defines an addi-

tional control variable j of fund i, and jiDERIVATIVE  defines a dummy variable for the use of a

derivative j by fund i (1 if the derivative is used, and 0 otherwise).

To test the impact of complexity of derivative strategies on risk and performance charac-

teristics of a hedge fund Model 2 is reformulated and the empirical model for the cross-sectional

analysis of the complexity is the following (Model 3): 

eCOMPLEXCONTROLMEASURE i

N

j
jijji  


1

1

 , (3)

where jiMEASURE  defines a measure associated with higher moments j of fund i; 

jiCONTROL defines an additional control variable j of fund i, and iCOMPLEX  defines the num-

ber of different derivatives used by a hedge fund. Hence, the number of different derivatives 

used by a hedge fund is considered as a proxy for complexity of derivative strategies. As there is 

not available more detailed information available of the use of derivatives for a sufficient sample 

of hedge funds, the constructed variable may be considered as the most reasonable proxy for the 

complexity of derivative strategy. Intuitively, the more a hedge fund uses different type of de-

rivatives more complex its derivative strategies are.

Different options which are counted in the construction of the complexity variable are 

options for equity, fixed-income, commodity, and currency. Futures and forwards, respectively,

for fixed-income, currency, and commodity are counted for the variable but for equity the Lipper 

TASS database reports only the use on equity index futures which is counted. Also, warrants for 

equity and fixed-income, and fixed-income and currency swaps are counted for the variable. To 
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sum it up, data in the Lipper TASS database allows constructing a proxy variable for the com-

plexity of derivative strategies by a hedge fund ranging from 0 to 15. 

The above presented model assumes linear relation between the complexity of a deriva-

tives strategy of a hedge fund and its performance but the relation may also be nonlinear. There-

fore, also a polynomial relation of degree 2 between jiMEASURE  and iCOMPLEX  is analyzed 

using the following model (Model 4):

eCOMPLEXCOMPLEXCONTROLMEASURE ii

N

j
jijji  



2
21

1
)(

where the only difference to Model 3 is that the series of squared number of different derivatives 

used is included in the model. Models 3 and 4 are compared with one another using the Akaike 

information criterion (AIC) and Schwarz information criterion (SIC).

D. Performance and Risk Measures

The first risk/performance measure examined in cross-sectional analysis the arithmetic mean re-

turn of a hedge fund and the first risk measure used for cross-sectional analyses is the sample 

standard deviation. The second risk is measure is Value-at-Risk (VaR) that is used to measure 

the worst return of a hedge fund with 99% certainty. The VaR used in this study relies on as-

sumption of normally distributed hedge fund returns and it is defined as:

  zVaR  , (3)

where  z  defines the critical value corresponding to 1% confidence level;   defines the sam-

ple mean, and  defines the sample standard deviation. The second risk measure, which accounts 

for skewness and kurtosis, is Modified Value-at-Risk (MVaR) that is defined as:
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where S  defines skewness, K  defines excess kurtosis. MVaR is a popular risk measure for hedge 

funds (see, e.g., Liang and Park, 2007; Bali, Gockan, and Liang, 2007). The expansion which is 

used in the construction of MVaR is known as the Cornish-Fischer (CF) expansion, specifically:

               2332 52
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6
1 SzzKzzSzzCF   . (5)

In addition to the use of VaR and MVaR in the analysis of this study, the Cornish-Fischer 

expansion, skewness, and excess kurtosis of hedge fund returns are used in the cross-sectional 

analysis. The expansion is examined on the same variables as VaR and MVaR to study the de-

terminants of the impact of higher moments on hedge fund risk characteristic and it should also

explain the differences between the results for VaR and MVaR measures. The critical value of 

the examined CF expansion also corresponds to 1% confidence level. In addition to the sample 

standard deviation and VaR methodology downside deviation of hedge fund returns is used.

Two different performance measures are used for the cross-sectional analyses. The first 

performance measure is the Sharpe ratio (1966, 1994) that is defined as

   fh
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where  fh rr   defines the volatility of excess returns of a hedge fund; hr  defines the return of 

a hedge funds, and fr  defines the risk free rate. In practice, the Sharpe ratio is a popular and tra-

ditional performance indicator. However, the Sharpe ratio relies heavily on normality of returns, 
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yet this assumption may not be applied to individual hedge fund returns. Accordingly, the Sharpe

ratio with downside volatility that considers only volatility of returns below the average return is 

used to account for the asymmetry.

Admittedly, the choice of performance measure does not necessarily alter the rank of a 

hedge fund according to Eling and Schuhmacher (2007). A considerable alternative for the 

Sharpe ratio with downside volatility would be the Modified Sharpe ratio which applies the 

MVaR risk measure instead of the standard deviation, and is often used for hedge funds, for ex-

ample, by Gregoriou and Gueyie (2003). However, the risk return relationship for the expected

return and the MVaR may be complicated. Bali et al. (2007) find that the relation between down-

side risk of a hedge fund which is measured using the VaR methodology and its return is positive 

for live funds and negative for defunct funds. The authors’ explanation for the phenomena is that 

by taking high risk fund may spend fund capital and become liquidated after bad performance. 

These characteristics may be problematic in the performance measurement as the risk return rela-

tionship is not conclusive. As a result, this study uses Sharpe ratio with downside volatility 

which is also closely associated with the original Sharpe ratio.

DATA

The analysis in this study uses monthly data from January 1994 to December 2006. Data for 

hedge funds are obtained from the Lipper TASS database. This data includes 8515 hedge funds 

consisting of both live hedge funds (4577 funds) and defunct hedge funds (3938 funds) to miti-

gate survivorship bias in the sample. Data before January 1994 is not included in the sample as 

before this month TASS has not recorded data for defunct funds and the use of earlier data would 
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increase survivorship bias in the sample. Data in the Lipper TASS hedge fund database is self 

reported by hedge fund managers.

All obtained hedge fund returns are net-of-fees in percentages, reported monthly in U.S. 

dollars. Hedge funds that do not report their returns by this way are excluded from the sample.

Data is downloaded in November 2007 but hedge fund returns between January-October 2007 

are excluded from the sample to reduce late reporting bias (see Tiu 2005). This bias means that 

some hedge funds delay reporting their returns while some hedge fund do not and the bias is sub-

ject to the return difference between these funds. Indeed, this bias may slightly alter the results as 

Schneeweis, Spurgin and Waksman (2006) find that hedge funds which delay reporting their re-

turns often report lower performance than hedge funds which report early. For better accuracy of 

performance statistics, reducing the last ten months of the data should erase the late reporting 

bias and offer a sample of hedge funds which is annually complete. 

Hedge fund databases also exhibit backfill bias which is caused by funds possibility to 

include their past return history in the database when they list. All hedge funds that do not report 

information on asset focus and derivatives use are excluded from the sample. After these adjust-

ments, the analyses of this study use a sample of hedge funds when funds of hedge funds are also 

excluded. It is also feasible to exclude funds of hedge funds (2006 funds) out of the sample of 

this study as they are different investment vehicles than conventional hedge funds as their pri-

mary investment focus is to invest in other funds.

All hedge funds that have a return history less than 24 months are not included in the

sample. This data reduction is similar to Bali et al. (2007) who also use MVaR estimates but 

causes a significant difference to the closely related study of Chen et al. (2008) in which the 

number of hedge funds is not restricted in this way. This reduction provides longer return history 
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for the use of risk and performance measures especially ensures better robustness for the esti-

mates of skewness and kurtosis, but it also reduces backfill bias because funds that have short 

return history are weighted less. Also, all funds that do not report their size are excluded from the 

sample which then consists of 3403 hedge funds. Some of the funds, however, have missing data 

for explanatory variables, and the exclusion of these funds reduces the investigated sample to

3382 funds. In addition to the entire sample, hedge funds are classified into four sub-samples ac-

cording to the hedge fund’s primary asset focus. The sub-samples are for equity (1841 funds), 

fixed income (838 funds), commodity (245 funds), and currency (363 funds)4.

In the cross-sectional analysis, excess returns when used in this study are calculated over 

1-month U.S. T-bill rate of return from Ibbotson Associates, Inc. Table 1 presents definitions for 

variables that are used in the analysis of this study. The use of options for different assets (eq-

uity, fixed-income, commodity, and currency) form variables as well as warrants for equity and 

fixed-income assets form variables on their own due to their nonlinear characteristic. The use of 

other derivatives including forwards, futures, and swaps for the same assets are classified as 

other derivatives.

(INSERT TABLE 1 HERE)

Table 2 presents the summary statistics for variables of cross sectional analyses. The perform-

ance and risk measures do not seem to be normally distributed. The problems, at least to some 

extent, may cause bias for the estimates. Also, the Cornish-Fischer expansion measure can have 

large positive values and it may be sensitive to heavy outliers that can exist in individual hedge 

fund returns.

(INSERT TABLE 2 HERE)

                                                
4 The sub-samples may be overlapping as some funds have more than one asset focuses.
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Figure 1 presents an illustration and the summary statistics for the number of different deriva-

tives used by a hedge fund which is the proxy for the complexity of derivative strategy of a 

hedge fund. The figure illustrates that the distribution of the complexity variable is positively 

skewed and has a high kurtosis. Also, the average is for the variable, 2.534, is relatively low 

meaning that hedge fund on average do not use even 3 different derivatives. Thus, density of

hedge funds which use multiple derivatives in their investment strategies is relatively small. 

(INSERT FIGURE 1 HERE)

EMPIRICAL RESULTS

A. Determinants of Derivatives Use

Table 3 presents the logistic regression statistics for the determinants of the use of different de-

rivatives by hedge funds. But, when the number of funds in the strategy category is less than less 

than 10, the strategy is not controlled. The regression statistics in Table 3 provide support the 

first hypothesis as the use of leverage and asset specialization for the underlying asset class of an 

option increases the probability of a hedge fund to use the option. Excluding fixed-income war-

rants, the use of leverage has statistically significant incidence with the use of all derivatives by 

hedge funds at the 1% level. For the use of options, leverage increases the probability to use op-

tions for equity, fixed-income, commodity, and currency by 14.4%, 15.9%, 15.1%, and 14.2%, 

respectively. For the use of other derivatives for commodity than options, the probability is re-

markably higher, 39.6%. This finding implies that in commodity markets the use of other deriva-

tives than options may be more important tool for trading.

(INSERT TABLE 3 HERE)
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Asset-specialization has a statistically significant incidence with the all examined deriva-

tives except with other currency derivatives than options at least at the 5% level. For the inci-

dence between asset specialization and the use of options, specialization for equity, fixed-

income, commodity, and currency corresponds the probability to use options for the asset class 

by 8.6%, 16.8%, 24.7%, and 21.4%, respectively. Thus, the use of commodity and currency op-

tions is more asset specialized than the use of equity and fixed-income options.

To sum up the results in Table 3, the use of leverage and asset specializations are impor-

tant factors of the use options by hedge funds, but also of other derivatives. The results show 

evidence that the use of derivatives by hedge funds is also driven by informed trading in addition 

to the risk management consistent use of derivatives which is supported by Chen (2008). This 

result is contradictious to the evidence for mutual funds that they would not use options for in-

formed trading (see Fong et al. 2005).

The results for other variables differ form the results of Chen (2008) which suggest that 

the use of derivatives by hedge funds is associated with higher incentive fees, less restrictive re-

demption policy, managerial ownership, and effective auditing. In particular, higher incentive fee 

is only found to have statistically significant coincidence with the use of derivatives only in the 

case of equity options which support hypothesis 1. In contrast, higher incentive fee has a nega-

tive and statistically significant incidence with derivatives use in the cases of warrants for fixed-

income and other derivatives than options for commodity. If performance based-compensation of 

managers would be aligned to the interests of investors (see Holmström 1979), as supported by 

Chen (2008), those managers who use options for equity should be outperformers while those 

managers who use options for commodity should be underperformers.
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The evidence for the incidence between personal capital and the use of derivatives is 

found to be fairly consistent with the results of Chen (2008) as the incidence is statistically sig-

nificant in 4 of 10 regressions. The use of auditing services, instead, is not found to have any 

positive incidence with the use of derivatives in contrast to Chen (2008). Also, the evidence for 

the incidence between less restrictive redemption policy and the use of derivatives is mixed in 

this study. Longer restriction periods are, in fact, associated with the use of warrants which is a 

sensible finding as warrants may be highly illiquid and managers need longer redemption periods 

when investing in these assets. Consistent with Pinnuck (2004), the test statistics of this study 

also shows evidence that all examined options and warrants are more popular among bigger 

hedge funds.

Generally, the results do not show any other strongly consistent patterns for the determi-

nants of options use and derivatives use except the ones that are hypothesized. Admittedly, 

higher minimum investment seems to incidence the use of other derivatives than options and 

warrants at the 1% statistical significance level.

B. Derivatives Use as the Factor of Risk and Performance in Hedge Funds

Table 4 presents the results for the impact of the use of derivatives for the mean, standard devia-

tion, VaR, and MVaR estimates of hedge funds. To consider the impact of the use of derivatives 

on the mean return of a hedge fund, options for fixed income have a negative and statistically 

significant impact on the mean return in the samples of all funds as well as in the subsamples of

equity, fixed-income, and commodity specialized funds. Also, in the samples of both equity- and 

fixed-income specialized funds, the use of other derivatives than options and warrants for equity 

and commodity have a statistically significant and negative impact on the mean return of a hedge 
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fund. In contrast, the use of other fixed income derivatives than options and warrants has a statis-

tically significant and positive, although at the 10% significance level, impact on the mean re-

turn. 

(INSERT TABLE 4 HERE)

The regression statistics of standard deviation on derivatives use provide partial support for hy-

pothesis 2. However, the results show contradictious evidence for warrants for both equity op-

tions and equity warrants. The results are also mixed for other derivatives than options and war-

rants. And for instance, the use of equity options increases standard deviation of a fund by 

1.769% for funds that are specialized for currency. But the use of these options by funds that are 

equity specialized decreases standard deviation by 0.425 %. The latter result is consistent with 

those of the Chen (2008). The mixed result suggest that that after accounting for heterogeneity of 

derivatives the impact of the use of derivatives on the standard deviation of a hedge fund is not 

conclusive.

When the estimated VaR statistics is considered, asset specialized use of options has a

statistically significant and positive impact on VaRs of these hedge funds, and specifically 3.033 

% increase in the VaR of a hedge fund. For hedge funds that have primary asset focus on equity, 

the use of options for currency assets has a negative impact on VaR estimates. In general, the 

results also suggest that the use of option of a hedge fund has an impact on its risk, and whether 

this impact is positive or negative, depends on the primary asset focus of a hedge fund.

The results for MVaR and VaR are also contradictious. Specifically, asset specialized use 

of options for equity decreases risk in the terms of VaR estimate with 1.001 % and the statistical 

significance is at the 5 % level. However, the impact is not statistically significant when MVaR 

estimate which accounts for asymmetry and fat tails of hedge fund returns is used instead of VaR 
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estimate. Asset specialized use of warrants for equity has also a negative and statistically signifi-

cant impact on the VaR estimates at the 5% level but the impact on  the MVaR estimate is not 

statistically significant. The results suggest that the relation between the use of options and hedge 

fund risk is slightly altered by the choice of risk measures which account for asymmetry of re-

turns. In general, the use of options of a hedge fund does not support hypothesis 2. This finding 

is significantly inconsistent with the results of Chen (2008) for risk management motivated use 

of derivatives.

Table 5 presents the results for the impact of derivatives use on a Sharpe ratio and Sharpe

ratio with downside volatility of a hedge fund. The results provide support for hypothesis 2 only

in the case of hedge funds that have primary asset focus on equity. More specifically, the impact 

of the asset specialized use of options for equity increase a Sharpe ratio by 0.023 and the impact 

is statistically significant at the 5% level.

(INSERT TABLE 5 HERE)

In contrast to the use of equity options, the use of other currency derivatives than options

has a statistically significant (10% level) and negative impact on a Sharpe ratio of equity special-

ized funds. Equity specialized funds may use these derivatives to hedge currency related risk, 

and therefore this finding is slightly surprising. This result is in contrast to the viewpoint that the 

primary purpose for the use derivatives would be risk management. For fixed-income specialized 

funds, the use options for commodity has also a statistically significant and positive impact the 

Sharpe ratio of a hedge fund. 

Fixed-income specialized hedge funds seem to benefit from the use of other derivatives 

than options and warrants for both equity and currency, and the use of warrants for equity. This 

result is the opposite in the case of fixed-income wanrrants and other commodity derivatives than 
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options. In general, the asset specialized use of options has an impact on the Sharpe ratios of 

hedge funds but only in the case of equity specialized hedge funds. Indeed, this finding is inter-

esting as the use of equity options as an only derivative instrument incidences with higher incen-

tive fees (see Table 3). In relation to Holmström (1979), this finding is consistent with associa-

tion between performance based-compensation of managers and the interests of investors. More 

specifically, the use of options is consistent with higher incentive fees only when the perform-

ance would be higher in the terms of Sharpe ratios.

Table 5 also presents the results for the impact of option use on a Sharpe ratio with 

downside volatility of a hedge fund. The results does not support hypothesis 2 except for the use 

of commodity options of a hedge fund that have asset specialization for fixed-income. Further,

accounting for asymmetry in hedge fund returns by using Sharpe ratio with downside volatility, 

the asset specialized use of equity options does not have positive and statistically significant im-

pact on the performance measure. Also, the use of options for equity has statistically significant 

and negative impact on the ratios of hedge funds that have asset specialization on fixed-income. 

Thus, accounting for the asymmetry in the performance measurement alters the results.

D. Derivatives Use and Higher Moments of Hedge Fund Returns

Investigation of the impact of derivatives use on higher moments of hedge fund returns can pro-

vide information of factors which contrast the results of different risk measures such as VaR and 

MVaR. Table 6 presents the results for the impact of derivatives use on skewness, excess kurto-

sis, and the Cornish-Fischer expansion with 1% confidence level which accounts for both skew-

ness and excess kurtosis.

(INSERT TABLE 6 HERE)
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The results in Table 6 support hypothesis 4. The regression statistics of skewness of re-

turn distributions on derivatives use suggest that the asset specialized use of options is generally 

associated with negative skewness although the result is statistically significant only for equity

specialized and commodity specialized use of options. Specifically, equity specialized use of op-

tions has an impact of -0.153 on skewness and commodity specialized use has an impact of -

0.395 on skewness. The use of options for equity also increases skewness of fixed-income spe-

cialized funds. Incentive fee and management fee, in contrast, reduce the skewness for equity 

specialized funds. In a way, investors are compensated by higher upside volatility than downside

for paying higher compensations to hedge fund managers. As hedge fund returns are found to 

exhibit negative skewness (see Brooks et al. 2002), these findings show evidence that the use of 

options may be associated with the asymmetry.

The use of equity options is found to have a positive impact on kurtosis in the sample of 

all funds but not in the sub-samples of asset specialized hedge funds. For commodity specialized

hedge funds, the asset specialized use of options has a statistically significant and negative (-

0.215) impact on skewness of hedge fund returns. In conclusion, the association between kurtosis 

of the return distribution of a hedge fund and the use of options is heterogeneous.

In Table 6, the results for the association between the asset specialized use of options 

show similar pattern as in the case of asset specialized use of options and skewness of return dis-

tributions. The asset specialized use of options for fixed-income, commodity, and currency has a 

statistically significant and negative impact on the Cornish-Fischer expansion. The coefficient 

for the asset specialized use of options is also negative but not statistically significant. Intui-

tively, the test statistics of the Cornish-Fischer expansion on the option use implicates that asset 

specialized use of options is related to hidden risks in the left tail of the return distribution of 
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hedge funds. In the samples of all funds and equity specialized funds, higher incentive and man-

agement fees, instead, are associated with fatter right tails.

E. Complexity of Derivative Strategies and Hedge Fund Risk and Performance

Table 7 presents the results for the impact of complexity of derivatives strategies on fund risk 

and performance characteristics assuming linear relation between the complexity and dependent 

variables which describe hedge fund risk and performance characteristics. The regression statis-

tics suggests that the impact of the use of a more complex derivative strategy is negative and sta-

tistically significant on the performance, mean returns, and skewness of the returns of a hedge 

fund. The impact on the excess kurtosis of the returns of a hedge fund is positive and statistically 

significant.

The complexity of a derivative strategy of a hedge fund does not have statistically sig-

nificant impact on its risk measured in the terms of standard deviation, VaR, and MVaR. Also, 

the relation between the performance ratios and the complexity is the opposite what is expected 

due to hypothesis 3b. Consequently, the results support only hypothesis 4b which implicates that 

the more complex derivative strategy of hedge fund is associated with fatter left tails of the re-

turn distribution of a hedge fund.

The impact of the use of a more complex derivative strategy on the Cornish-Fischer ex-

pansion of the returns of a hedge fund is also negative and statistically significant. This result is 

also consistent with results for skewness and kursosis as higher kurtosis and lower skewness 

would decrease the value of this expanasion as is also found in Table 7. Specifically, the use of 

10 different derivatives instead of 0 would decrease the skewness of the returns of a hedge fund 

by 0.21 and increase kurtosis by 1.12. To put them together, these all statistics show evidence 
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that a more complex derivative strategy of a hedge fund causes fatter left tails in the return dis-

tribution of a hedge fund. Thus, managers seem to employ complex derivative strategies that re-

sults as a higher probability to experience large losses in line with John et al. (2006).

The results for performance ratios are not consistent with 3b hypothesis of this study and 

also the findings of John et al. (2006). The impact complexity of the derivatives strategy of a 

hedge fund is negative and statistically highly significant for both the Sharpe ratio and the 

Sharpe ratio with downside volatility. And for the latter one the impact is even lower (-0.009 vs. 

-0.011). The regression statistics in Table 7 also implicate that the performance loss in the terms 

of Sharpe ratio is associated with lower mean return but not with higher standard deviation. The 

impact of the more complex derivative strategy of a hedge fund is statistically significant and 

negative on the mean return of a fund but the impact is not statistically significant on the stan-

dard deviation. Admittely, when using one more type of derivative the impact on the perform-

ance ratios are relatively small respect to whether a hedge fund is open to public or not.

(INSERT TABLE 7 HERE)

Table 8 presents the regression statistics estimated using Model 4 which also accounts for 

the nonlinear impact of complexity of a derivative strategy of a hedge fund on its risk and per-

formance characteristics. The regression statistics suggests that the complexity has statistically 

significant nonlinear impact only on the performance of a hedge funds in the terms of both the 

Sharpe ratio and Sharpe ratio with downside volatility. The statistics also suggests that this im-

pact is convex. To put it simply, this characteristic implies that when the number of different de-

rivatives used by a hedge fund is increased, for example, form 1 to 2 the impact is much more 

severe than the number of different derivatives is increased form 5 to 6. 

(INSERT TABLE 8 HERE)
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Table 9 presents AIC and SIC statistics for comparison of Models 3 and 4 which are presented in 

Tables 7 and 8. In general, these statistics suggest that also that the nonlinear relation is better 

suitable for the performance of a hedge fund and the complexity of its derivative strategy than 

the linear relation For the other examined dependent variables than performance variables, the 

statistics suggests that the linear relation is better suitable between the complexity of the deriva-

tive strategy of a hedge fund and its performance. 

(INSERT TABLE 9 HERE)

F. Robustness and Validity of the Findings of this Study

For the first hypothesis, it must be also considered that the use of leverage imply higher need to 

use derivatives for risk management, and the use of leverage would also imply the use of deriva-

tives for risk management. However, Purnanandam (2008) show theoretically a positive relation 

between hedging and leverage for moderately leveraged firms but the relation is found to be 

negative for highly leveraged firms. He also finds empirically a nonmonotonic relation between 

leverage and hedging. Thus, the evidence suggests that the relation between leverage and hedg-

ing is not straightforward. But this possibility can not be ignored.

The results are also well robust for time aa the time-effect is controlled using dummy 

variables that describe annual listing of a hedge fund in the database. Thus, financial crisis such 

the Russian debt crisis should not necessarily bias the results. The controls for the time-effect is 

especially important as systematically large losses across hedge funds could bias the estimates 

for skewness and excess kurtosis used in this study. Also, hedge fund strategies and the invested 

asset classes (also primary asset classes) reported by a hedge fund manager are controlled. 
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Similar findings for the impact of the asset specialized use of options on the higher mo-

ments of the return distribution of a hedge fund across different sub-samples used in his study 

also ensure to the some extend the robustness of the results. Additional analysis are also per-

formed with live and dead funds and these results are available upon request from the author. 

The patterns found in these analyses for the relation between the use of a more complex strategy 

of a hedge fund and the examined characteristics of a fund are fairly similar for the samples of 

live and dead funds. Specifically, these characteristics are nonlinear relation between the com-

plexity and fund performance, and linear relation between the complexity and the left tails of the 

return distribution measured using the Cornish-Fischer expansion. Nonnormality of the explana-

tory variables used in this study may also cause some bias to the results but the use of different 

closely related measures (c.f. skewness, excess kurtosis, and the Cornish-Fischer expansion).

CONCLUSION

Hedge funds are able to use various financial derivatives, including options, to perform their in-

vestment strategies. This study investigates factors that incidence with the use of options and the 

impact of the use of options and complex derivatives strategies on performance and risk charac-

teristics of hedge funds.

This study provides three major contributions; first, the results suggest that the use of options is 

driven by asset specialization, leverage, and higher incentive fees for equity specialized funds 

consistent with informed trading. The use of equity options is also related to higher Sharpe ratio 

of equity specialized funds which is also evidence in favor of informed trading. Admittedly, the 

use of options does not provide better performance for investor after controlling for skewness 

which may be partly a result of the impact of higher incentive fees on net-of-fee returns. To put 
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it simply, the fund managers mostly take the benefit of informed trading. As practical matter, 

high put options trading volumes followed bailout of the Bear Stearns during the sub-prime 

mortgage crisis raised suspects that hedge funds were involved this trading (see, e.g., Anony-

mous 2008). This finding provides empirical evidence to support this type of hedge fund activ-

ity.

Second, while the results of Chen (2008) implicate that the use of derivatives has a negative im-

pact on the performance of hedge funds, this study suggest that the marginal cost of performance 

is greater for less complex derivatives strategies more complex derivatives strategies. The per-

formance loss from the use of options is related to lower returns (net-of-fees) for which the mar-

ginal impact of the use of a more complex derivatives strategy is linear rather than nonlinear. In 

conclusion, the use of derivatives and a more complex derivatives strategy is costly for inves-

tors.

Third, while Chen (2008) finds that derivatives use is related to lower risk of a hedge fund, this 

study does not find evidence for lower risk related to the use of any type of derivative after con-

trolling for nonnormality of hedge fund returns. The use of a more complex derivatives strategy

and some options of a hedge fund results as a fatter left tail of its return distribution. Thus, the 

use of complex derivatives and options strategies are related to “hidden risk” strategies. This 

characteristic is consistent with the prediction of John and John  (2006) that under generally 

used incentive structures managers have incentives to employ derivatives strategies which lead 

to increased conventional performance statistics but also lead to higher probability to suffer ex-

tremely bad losses. And as the research suggests that utility maximizing investors prefer lower 
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kurtosis and higher skewness (see Arditti 1967; Kraus and Litzenberger 1976; Scott and Horvath 

1980), the use of options and derivatives strategies of a hedge fund has characteristics of higher 

moments not align with the preferences of investors.In further studies, it would be interesting to 

find out what kind of hedge fund characteristics lead hedge funds to benefit from the use of op-

tions since sophistication of a hedge fund may have an impact on the ability of a hedge fund to 

benefit from the use of options.
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Figure 1

Number of Different Type of Derivatives Used by a Hedge Fund
This figure presents the number of different type of derivatives used by a hedge fund for the sample of this study. 
This figure also presents descriptive statistics for the variable COMPLEXITY which describe the number of differ-
ent type of derivatives used by a hedge fund. 
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Table 1

Variables of Cross-Sectional Analyses
This table defines explanatory variables used in cross sectional analyses of this study.

Variable Definitions
E_PRIMARY If the primary asset focus of a hedge fund is equity, then 1, otherwise 0.
F_PRIMARY If the primary asset focus of a hedge fund is fixed-income, then 1, otherwise 0.
C_PRIMARY If the primary asset focus of a hedge fund is commodity, then 1, otherwise 0.
CUR_PRIMARY If the primary asset focus of a hedge fund is currency,  then 1, otherwise 0.
LNSIZE Natural logarithm of hedge fund size.
LNAGE Natural logarithm of hedge fund age.
MFEE Management fee of a hedge fund as percentages
IFEE Incentive fee of a hedge fund as percentages.
HWMARK If a hedge fund has a high watermark, then 1, otherwise 0.
LEVERAGED If a hedge fund is leveraged, then 1, otherwise 0.
PERCAPITAL If a hedge fund manager invests personal capital, then 1, otherwise 0.
LOCKUP Lock up period of a fund denoted in months.
RESTRICTION The sum of payout and redemption periods of a fund denoted in days.
MININVESTMENT Minimum investment in a fund in U.S. dollars.
AUDIT If a hedge fund is audited, then 1, otherwise 0.
E_OPTIONS If a hedge fund uses equity options, then 1, otherwise 0.
F_OPTIONS If a hedge fund uses fixed income options, then 1, otherwise 0.
C_OPTIONS If a hedge fund uses commodity options, then 1, otherwise 0.
CUR_OPTIONS If a hedge fund uses currency options, then 1, otherwise 0.
E_WARRANTS If a hedge fund uses warrants for equity, then 1, otherwise 0.
F_WARRANTS If a hedge fund uses warrants for fixed-income, then 1, otherwise 0. 
E_OTHER If a hedge fund uses other equity derivatives than options or warrants, then 1, otherwise 0.
F_OTHER If a hedge fund uses other fixed income derivatives than options or warrants, then 1 otherwise 0.
C_OTHER If a hedge fund uses other commodity derivatives than options, then 1 otherwise 0.
CUR_OTHER If a hedge fund uses other currency derivatives than options, then 1 otherwise 0.
S_CA If a hedge fund follows Convertible Arbitrage strategy, then 1 otherwise 0.
S_DS If a hedge fund follows Dedicated Short Bias strategy, then 1 otherwise 0.
S_ED If a hedge fund follows Event-Driven strategy, then 1 otherwise 0.
S_ELS If a hedge fund follows Equity Long/Short strategy, then 1 otherwise 0.
S_EM If a hedge fund follows Emerging Market strategy, then 1 otherwise 0.
S_EMN If a hedge fund follows Equity Market Neutral strategy, then 1 otherwise 0.
S_FI If a hedge fund follows Fixed-Income Arbitrage strategy, then 1 otherwise 0.
S_GM If a hedge fund follows Global/Macro strategy, then 1 otherwise 0.
S_MF If a hedge fund follows Managed Futures strategy, then 1 otherwise 0.
S_MS If a hedge fund is a multi-strategy fund, then 1 otherwise 0.
STDEV Standard deviation of the returns of a hedge fund.
MEAN Mean return of a hedge fund.
VAR Value-at-Risk of the returns of a hedge fund.
MVAR Modified Value-at-Risk of the Returns of a hedge fund.
CF The Cornish-Fischer expansion at the 1% confidence for the returns of hedge fund.
DD Downside deviation of the returns of a hedge fund.
COMPLEX Complexity of the derivate strategy of a hedge fund.
SKEW Skewness of the returns of a hedge fund.
EXKURT Excess kurtosis of the returns of a hedge fund.
SHARPE The Sharpe ratio for the returns of a hedge fund.
SHARPED Sharpe ratio wih downside volatility for the returns of a hedge fund.
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Table 2

Descriptive Statistics

This table presents descriptive statistics and Jarque-Bera test statistics of the variables used in the cross-sectional 
analysis of this study. The entire sample includes 3382 hedge funds. Panel A. presents the descriptive statistics. 
Panel B presents mean values for dichotomous variables used in this study. See Table 1 for definitions of the vari-
ables.

Panel A.
LNSIZE LNAGE IFEE HMARK MFEE MININVESTMENT RESTRICTION

Mean 17.17 7.62 18.85 0.63 1.47 782321.30 46.71
Median 17.24 7.60 20.00 1.00 1.50 500000.00 41.50
Maximum 22.49 10.58 50.00 1.00 8.00 25000000.00 700.00
Minimum 3.40 6.55 0.00 0.00 0.00 0.00 0.00
Std. Dev. 1.73 0.57 5.08 0.48 0.72 1303007.00 37.93
Skewness -0.48 0.26 -1.57 -0.53 2.49 7.96 2.69
Kurtosis 5.22 2.47 13.01 1.28 15.76 117.33 33.99

Jarque-Bera 824.81*** 77.19*** 15517.47*** 575.10*** 26440.23*** 1877679.00*** 139423.30***

LOCKUP STDEV MEAN VAR MVAR CF
Mean 3.60 4.13 0.92 -8.68 -8.77 -2.46
Median 0.00 3.19 0.85 -6.53 -6.46 -2.42
Maximum 48.00 73.69 7.81 0.90 150.09 9.96
Minimum 0.00 0.05 -6.68 -164.93 -86.96 -7.60
Std. Dev. 6.22 3.64 0.89 8.25 10.06 1.07
Skewness 1.88 4.36 0.58 -4.33 0.02 1.75
Kurtosis 7.43 55.55 11.79 54.22 34.29 21.61

Jarque-Bera 4741.82*** 399816.80*** 11080.25*** 380327.10*** 137931.50*** 50531.29***

SKEW EXKURT SHARPE SHARPED
Mean 0.07 3.38 0.24 0.27
Median 0.08 1.46 0.20 0.21
Maximum 7.65 109.03 7.88 8.18
Minimum -10.11 -1.33 -0.80 -0.79
Std. Dev. 1.27 7.20 0.36 0.44
Skewness -1.15 6.93 6.82 7.40
Kurtosis 13.94 70.53 106.84 103.23

Jarque-Bera 17617.53*** 669586.60*** 1545854.00*** 1446437.00***

Panel B.
HMARK AUDIT PERCAPITAL OPENTOPUBLIC OPENENDED LEVERAGED

Mean 0.63 0.77 0.42 0.17 0.62 0.68

S_MF S_GM S_FI S_EMN S_EM S_ELS S_ED S_DS S_CA
Mean 0.12 0.06 0.06 0.07 0.08 0.40 0.12 0.01 0.04

Mean AE_OPTIONS AE_WARRANTS AF_OPTIONS AF_WARRANTS AC_OPTIONS ACUR_OPTIONS
0.45 0.24 0.18 0.08 0.07 0.12

Mean AE_OTHER AF_OTHER AC_OTHER ACUR_OTHER
0.30 0.27 0.15 0.31

Mean AE_PRIMARY AF_PRIMARY AC_PRIMARY ACUR_PRIMARY
0.54 0.25 0.07 0.11
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Table 3
Logistic Regression Statistics of Derivatives Use on Leverage and Asset Specialization

This table presents parameter estimates of cross-sectional analysis for the use of derivatives of hedge funds. The 
model for the cross-sectional analysis is the following (Model 1):
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where jiDERIVATIVE  defines the use of derivative j by a fund i; iTIONSPECIALIZA  defines a dummy 

variable for the specialization for the same asset as the asset class of iDERIVATIVE , and iCONTROL defines 
an additional control variable j of fund i. These control variables include dummy variables for invested asset classes, 
other asset focuses than the same of iDERIVATIVE . The standard errors are QML (Huber/White) heteroskedas-
ticity robust. z-statistics are marked in italic. The sample includes 3382 observations. See Table 1 for definitions of 
the variables.

AE_OPTIONS AF_OPTIONS AC_OPTIONS ACUR_OPTIONS
Variable Coef. z Coef. z Coef. z Coef. z
C -6.626*** -4.16 -7.862*** -4.06 -9.954*** -3.73 -6.777*** -3.19
PRIMARY 0.369*** 3.80 0.681*** 4.82 0.990*** 3.55 0.859*** 4.36
LEVERAGED 0.647*** 7.18 0.712*** 5.02 0.677*** 2.80 0.635*** 3.45
S_CA -0.768*** -2.86 -1.001*** -3.32
S_DS 0.204 0.48
S_ED 0.028 0.13 -1.178*** -4.35
S_ELS -0.026 -0.13 -0.575** -2.25 -0.265 -0.78 -0.157 -0.69
S_EM -0.807*** -3.48 -0.153 -0.58 1.482*** 2.97 0.427* 1.89
S_EMN -0.811*** -3.40 -0.187 -0.52
S_FI -0.693* -1.83 0.189 0.66
S_GM -0.841*** -2.90 0.031 0.10 -0.136 -0.40 0.619** 2.48
S_MF -2.442*** -7.64 -1.739*** -5.21 -1.127*** -3.16 -0.716** -2.47
LNSIZE 0.069** 2.42 0.071* 1.84 0.122** 1.98 0.086* 1.87
LNAGE 0.137 0.63 0.195 0.74 0.143 0.40 0.000 0.00
HMARK 0.007 0.06 -0.083 -0.49 -0.314 -1.13 -0.537*** -2.89
INCENTIVEFEE 0.018* 1.96 0.005 0.50 0.012 0.69 -0.011 -0.90
MFEE -0.186** -2.47 0.056 0.67 -0.002 -0.02 -0.103 -1.22
MININVESTMENT 0.000 -0.68 0.000* 1.66 0.000 0.03 0.000 1.62
RESTRICTION 0.001 0.70 -0.004* -1.81 0.006*** 2.78 0.001 0.28
LOCKUP 0.016** 2.18 0.002 0.23 0.018 1.00 -0.026* -1.67
AUDIT -0.148 -1.38 0.231 1.56 -0.106 -0.46 0.017 0.10
PERCAPITAL 0.204** 2.26 0.027 0.22 0.106 0.55 0.063 0.45
OPENTOPUBLIC 0.052 0.46 -0.073 -0.49 0.028 0.12 -0.257 -1.46
OPENENDED -0.092 -0.97 0.141 1.03 0.016 0.08 0.275 1.64
Time-Dummies Yes Yes Yes Yes
Asset-Dummies Yes Yes Yes Yes

Log likelihood -1775.686 -1014.254 -408.884 -744.271
    McFadden R-squared 0.238 0.357 0.536 0.411
LR statistic (43 df) 1106.751 1127.133 945.366 1037.465
Probability(LR stat) 0.000 0.000 0.000 0.000
Obs with Dep=0 1851 2784 3136 2965
Obs with Dep=1 1531 598 246 417

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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(Table 3 continues)
AE_OTHER AF_OTHER AC_OTHER ACUR_OTHER

Variable Coef. z Coef. z Coef. z Coef. z
C -8.073*** -4.52 -3.438*** -2.83 -6.814** -2.10 -5.477** -2.29
PRIMARY 0.483*** 4.03 0.415*** 4.91 1.330*** 3.57 0.285 1.15
LEVERAGED 0.821*** 7.05 0.671*** 7.55 1.776*** 5.50 0.842*** 4.91
S_CA -0.434 -1.48 -0.442** -2.40 -0.558 -1.29
S_ED -0.739*** -3.00 -0.803*** -4.78 -0.146 -0.41
S_ELS 0.184 0.94 -0.408** -2.51 -0.424 -1.21 -0.216 -0.64
S_EM -0.279 -1.15 -0.287* -1.66 -0.079 -0.15 -0.194 -0.53
S_EMN -0.009 -0.03 -0.329 -1.55 -0.099 -0.16 -1.084** -2.42
S_FI 0.218 0.43 0.484** 2.53 -0.631 -1.53
S_GM 1.083*** 3.43 0.225 1.16 1.167*** 2.77 0.845** 1.97
S_MF 1.861*** 5.99 0.880*** 4.49 2.529*** 5.95 1.014** 2.30
LNSIZE 0.053** 1.62 0.082*** 3.34 0.037 0.52 0.089* 1.89
LNAGE 0.138 0.56 -0.114 -0.68 0.063 0.14 -0.068 -0.21
HMARK 0.235* 1.75 0.160 1.56 0.110 0.33 0.170 0.93
INCENTIVEFEE 0.001 0.07 -0.008 -1.17 -0.023 -1.15 -0.032** -2.57
MFEE 0.247** 2.52 0.143*** 2.83 0.000 0.00 0.046 0.38
MININVESTMENT 0.000*** 4.67 0.000*** 4.76 0.000*** 3.00 0.000*** 5.91
RESTRICTION -0.006*** -3.12 -0.002 -1.34 -0.003 -0.68 0.000 0.12
LOCKUP -0.030*** -3.35 -0.008 -1.27 -0.035 -1.54 -0.061*** -4.51
AUDIT -0.236* -1.95 0.088 1.00 -0.175 -0.58 0.065 0.35
PERCAPITAL 0.227** 2.26 0.184** 2.51 0.176 0.76 0.407** 2.65
OPENTOPUBLIC 0.163 1.29 0.106 1.15 0.310 1.06 0.261 1.34
OPENENDED 0.381*** 3.32 -0.011 -0.13 0.074 0.28 0.346 1.95
Time-Dummies Yes Yes Yes Yes
Asset-Dummies Yes Yes Yes Yes

Log likelihood -1417.850 -877.697 -344.853 -718.906
    McFadden R-squared 0.313 0.553 0.756 0.654
LR statistic (38 df) 1291.770 2171.461 2137.032 2723.135
Probability(LR stat) 0.000 0.000 0.000 0.000
Obs with Dep=0 2370 2478 2884 2350
Obs with Dep=1 1012 904 498 1032

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level.
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(Table 3 continues)
AE_WARRANTS AF_WARRANTS

Variable Coef. z Coef. z
C -10.521*** -5.64 -10.280*** -3.92
PRIMARY 0.765*** 6.43 0.358** 1.99
LEVERAGED 0.447*** 4.15 0.007 0.04
S_CA 0.988*** 3.78 0.639** 2.15
S_ED 1.427*** 7.46 0.262 0.93
S_ELS 0.948*** 5.94 -0.310 -0.98
S_EM 0.878*** 4.22 -0.017 -0.06
S_EMN -0.331 -0.67
S_FI -0.415 -0.78
S_GM 0.026 0.10 -0.056 -0.16
S_MF
LNSIZE 0.154*** 4.45 0.105** 1.91
LNAGE 0.045 0.18 0.010 0.03
HMARK -0.334*** -2.58 0.312 1.55
INCENTIVEFEE -0.015 -1.62 -0.030** -2.19
MFEE -0.178** -2.26 -0.217** -2.04
MININVESTMENT 0.000 0.38 0.000** 2.06
RESTRICTION 0.007*** 4.16 0.009*** 4.32
LOCKUP -0.006 -0.69 -0.024* -1.91
AUDIT 0.059 0.48 0.296 1.43
PERCAPITAL 0.136 1.32 0.009 0.06
OPENTOPUBLIC 0.143 1.12 -0.027 -0.14
OPENENDED 0.314*** 2.84 0.521*** 2.81
Time-Dummies Yes Yes
Asset-Dummies Yes Yes

Log likelihood -1406.788 -628.524
    McFadden R-squared 0.241 0.329
LR statistic (38 df) 891.461 616.016
Probability(LR stat) 0.000 0.000
Obs with Dep=0 2580.000 3114.000
Obs with Dep=1 802.000 268

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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Table 4

Regression Statistics of Mean Return and Risk Measures on Derivatives Use
This table presents parameter estimates of cross-sectional analysis for mean return and risk estimates of hedge funds. 
The model for the cross-sectional analysis is the following (Model 2):
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where jiMEASURE  defines a mean return or a risk measure j of fund i; jiCONTROL defines an additional con-

trol variable j of fund i, and jiDERIVATIVE  defines a dummy variable for the use of a derivative j by fund I (1 if 
the derivative is used, otherwise 0). Asset dummies include controls for assets and primary assets in which hedge 
funds report to invest. This table also presents the Durbin-Watson test for the first-order serial correlation. t-statistics 
are marked in italic. See Table 1 for definitions of the variables.

Dep. Variable: MEAN All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -2.734*** -4.68 -2.161*** -2.71 0.001*** 0.00 -0.634 -0.39 -2.116 -1.57
LNSIZE 0.064*** 6.28 0.074*** 5.31 0.070*** 3.24 0.025 0.59 0.082*** 2.85
LNAGE 0.300*** 3.81 0.196** 1.82 -0.127 -1.08 0.088 0.39 0.107 0.61
HMARK 0.000 -0.01 0.073 1.50 0.165** 2.18 0.306 1.43 0.162 1.14
IFEE 0.009*** 2.89 0.005 1.18 0.012** 2.46 0.025** 1.99 0.002 0.25
MFEE 0.036 1.41 0.043 1.10 0.039 0.95 -0.077 -1.27 -0.046 -0.97
LEVERAGED 0.079** 2.57 0.098** 2.36 0.031 0.51 -0.026 -0.13 -0.021 -0.16
LOCKUP 0.010*** 3.97 0.008** 2.15 0.010** 2.42 0.007 0.26 0.026* 1.95
MININVESTMENT 0.000*** -3.17 0.000** -2.14 0.000** -2.16 0.000** -2.07 0.000 -0.48
RESTRICTION 0.002*** 4.38 0.003*** 3.14 0.000 0.46 0.007 1.76 0.001 0.34
AUDIT -0.008 -0.19 0.027 0.43 0.087 0.89 -0.504** -2.27 -0.035 -0.26
PERCAPITAL 0.072** 2.49 0.108*** 2.62 0.077 1.50 0.138 0.94 0.109 1.12
OPENTOPUBLIC -0.069* -1.68 -0.014 -0.22 -0.087 -1.41 -0.021 -0.11 -0.090 -0.72
OPENENDED 0.005 0.14 0.020 0.42 -0.046 -0.74 -0.113 -0.70 -0.022 -0.18
AE_OPTIONS -0.023 -0.63 0.012 0.26 -0.033 -0.44 -0.218 -1.13 0.139 0.88
AF_OPTIONS -0.159*** -2.95 -0.223*** -2.61 -0.162** -1.98 -0.406* -1.72 -0.197 -1.20
AC_OPTIONS 0.076 0.79 -0.017 -0.10 0.126 0.73 0.209 0.88 -0.054 -0.32
ACUR_OPTIONS -0.018 -0.30 0.001 0.01 -0.094 -0.84 -0.006 -0.02 -0.060 -0.48
AE_WARRANTS 0.073 1.53 0.099 1.63 -0.079 -0.75 0.104 0.17 0.132 0.58
AF_WARRANTS -0.037 -0.63 -0.010 -0.11 0.010 0.10 0.295 0.41 -0.212 -0.83
AE_OTHER -0.095** -2.41 -0.113** -2.14 -0.024 -0.27 0.051 0.17 0.149 0.99
AF_OTHER 0.096* 1.79 0.141* 1.72 -0.016 -0.17 0.229 0.61 0.091 0.47
AC_OTHER -0.167* -1.84 -0.350** -2.00 -0.227 -1.38 0.141 0.53 -0.161 -0.90
ACUR_OTHER 0.008 0.15 -0.064 -0.85 0.142 1.69 -0.132 -0.49 0.113 0.69
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.17 0.20 0.175 0.165 0.141
    F-statistic 14.33 10.27 4.622 2.072 2.289
Durbin-Watson stat 1.91 1.95 1.748 1.790 1.952
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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(Table 4 continues)
Dep. Variable: STDEV All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C 3.806* 1.66 10.505*** 4.26 4.555 1.22 0.267 0.03 0.392 0.06
LNSIZE -0.282*** -6.89 -0.258*** -5.13 -0.328*** -2.95 -0.624*** -2.61 -0.439** -2.40
LNAGE 0.449 1.31 -0.439 -1.26 0.289 0.43 1.179 0.76 0.760 0.70
HMARK -0.333** -2.39 -0.389** -2.16 0.132 0.47 1.346 1.37 -0.029 -0.05
IFEE 0.049*** 4.48 0.030** 2.02 0.093*** 3.97 0.285*** 3.60 0.172*** 3.29
MFEE 0.229** 2.00 0.128 0.95 0.133 0.81 -0.130 -0.42 -0.003 -0.02
LEVERAGED 0.554*** 5.24 0.824*** 5.64 0.464** 2.43 0.314 0.32 -0.180 -0.43
LOCKUP 0.035*** 3.88 0.044*** 3.42 0.028* 1.76 0.056 0.56 0.075 1.25
MININVESTMENT 0.000*** -3.10 0.000** -2.05 0.000** -2.10 0.000 -0.36 0.000 -0.51
RESTRICTION 0.000 0.01 0.002 0.69 0.001 0.27 -0.002 -0.06 0.006 0.31
AUDIT -0.211 -1.33 -0.207 -0.98 -0.496 -1.19 -2.883* -1.77 -1.098 -1.15
PERCAPITAL 0.141 1.20 0.343** 2.34 0.205 0.91 -1.087 -1.17 -0.626 -1.17
OPENTOPUBLIC -0.047 -0.36 0.153 0.80 -0.713*** -3.14 -1.184* -1.67 -1.143** -2.52
OPENENDED -0.038 -0.35 -0.182 -1.21 0.280 1.12 0.489 0.66 0.447 0.93
AE_OPTIONS -0.159 -1.18 -0.425** -2.36 0.286 0.74 0.606 0.54 1.769** 2.04
AF_OPTIONS -0.427** -2.24 -0.490 -1.52 -0.157 -0.55 -1.476 -1.24 -0.337 -0.52
AC_OPTIONS 0.429 0.99 0.271 0.62 -0.487 -0.95 1.415 0.96 -0.119 -0.18
ACUR_OPTIONS 0.216 0.96 0.357 1.05 0.215 0.67 -0.907 -0.77 -0.915* -1.81
AE_WARRANTS 0.354** 2.27 0.454** 2.31 -0.284 -0.99 -1.304 -0.62 0.078 0.08
AF_WARRANTS 0.198 0.86 0.133 0.36 0.309 1.21 3.164 1.17 0.528 0.58
AE_OTHER -0.260* -1.69 -0.132 -0.67 -0.351 -0.84 -1.082 -0.86 -0.644 -1.01
AF_OTHER 0.146 0.82 0.282 1.01 -0.195 -0.67 2.035 1.29 0.140 0.19
AC_OTHER 0.537* 1.87 0.401 0.94 1.112** 2.01 1.481 1.44 1.920** 2.20
ACUR_OTHER -0.017 -0.10 -0.298 -1.19 0.666** 2.38 0.490 0.42 0.866* 1.78
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.28 0.32 0.311 0.064 0.201
    F-statistic 25.94 18.05 8.709 1.368 2.976
Durbin-Watson stat 1.90 1.91 1.970 2.110 1.975
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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(Table 4 continues)
Dep. Variable: VAR All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -11.588** -2.23 -26.599*** -4.77 -10.596 -1.22 -1.255 -0.05 -3.028 -0.20
LNSIZE 0.721*** 7.70 0.675*** 5.80 0.833*** 3.28 1.476*** 2.76 1.103** 2.67
LNAGE -0.745 -0.96 1.219 1.55 -0.799 -0.53 -2.655 -0.76 -1.661 -0.68
HMARK 0.774** 2.53 0.978** 2.44 -0.141 -0.23 -2.825 -1.31 0.228 0.18
IFEE -0.104*** -4.25 -0.064* -1.88 -0.203*** -3.75 -0.639*** -3.55 -0.398*** -3.37
MFEE -0.497* -1.92 -0.254 -0.83 -0.271 -0.71 0.225 0.32 -0.039 -0.09
LEVERAGED -1.209*** -5.12 -1.820*** -5.54 -1.048** -2.37 -0.756 -0.34 0.396 0.42
LOCKUPPERIOD -0.070 -3.61 -0.093*** -3.30 -0.055 -1.55 -0.124 -0.57 -0.148 -1.12
MININVESTMENT 0.000*** 2.81 0.000* 1.82 0.000* 1.92 0.000 0.20 0.000 0.49
RESTRICTION 0.002 0.50 -0.002 -0.28 -0.002 -0.23 0.011* 0.21 -0.012 -0.30
AUDIT 0.483 1.35 0.509 1.07 1.242 1.29 6.203 1.70 2.520 1.18
PERCAPITAL -0.256 -0.97 -0.689** -2.10 -0.400 -0.77 2.667 1.28 1.565 1.29
OPENTOPUBLIC 0.042 0.15 -0.369 -0.89 1.572*** 3.07 2.734* 1.76 2.569** 2.58
OPENENDED 0.092 0.39 0.443 1.34 -0.698 -1.24 -1.249 -0.76 -1.062 -0.99
AE_OPTIONS 0.347 1.15 1.001** 2.45 -0.698 -0.79 -1.627 -0.65 -3.976** -2.04
AF_OPTIONS 0.835 1.90 0.917 1.26 0.203 0.30 3.028 1.14 0.587 0.41
AC_OPTIONS -0.921 -0.95 -0.646 -0.65 1.259 1.04 -3.083 -0.94 0.222 0.15
ACUR_OPTIONS -0.521 -1.03 -0.829 -1.09 -0.594 -0.79 2.104 0.80 2.069* 1.79
AE_WARRANTS -0.751** -2.15 -0.957** -2.16 0.582 0.88 3.138 0.69 -0.049 -0.02
AF_WARRANTS -0.498 -0.95 -0.320 -0.38 -0.709 -1.16 -7.066 -1.18 -1.441 -0.71
AE_OTHER 0.510 1.46 0.194 0.43 0.792 0.83 2.569 0.91 1.647 1.12
AF_OTHER -0.244 -0.60 -0.515 -0.82 0.438 0.61 -4.505 -1.28 -0.234 -0.14
AC_OTHER -1.416** -2.19 -1.283 -1.34 -2.815** -2.22 -3.305 -1.46 -4.627** -2.37
ACUR_OTHER 0.048 0.13 0.629 1.15 -1.408** -2.23 -1.273 -0.49 -1.902 -1.63
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.29 0.33 0.326 0.078 0.216
    F-statistic 27.49 18.93 9.249 1.460 3.168
Durbin-Watson stat 1.89 1.91 1.977 2.131 1.989
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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(Table 4 continues)
Dep. Variable: MVAR All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -15.273** -2.57 -28.688*** -3.59 -12.908*** -1.35 -19.355*** -1.29 -9.738 -0.78
LNSIZE 0.654*** 6.05 0.632*** 3.91 0.807*** 3.13 1.233 3.07 0.777*** 2.67
LNAGE 0.144 0.17 1.710 1.50 -0.183 -0.14 0.764 0.36 -0.436 -0.26
HMARK 0.095 0.23 0.516 0.88 -1.283 -1.57 -2.515** -1.33 -0.241 -0.12
IFEE -0.049 -1.58 -0.036 -0.86 -0.156** -2.14 -0.501 -3.99 -0.300*** -3.42
MFEE -0.249 -0.70 0.493 0.85 0.033 0.08 -0.438 -0.88 0.009 0.02
LEVERAGED -1.323*** -4.30 -1.883*** -4.14 -1.438** -2.14 0.379 0.24 0.151 0.14
LOCKUP -0.054** -2.11 -0.101** -2.46 -0.001 -0.02 0.079 0.43 -0.128 -1.05
MININVESTMENT 0.000*** 3.27 0.000 1.11 0.000** 2.19 0.000 -0.15 0.000 1.61
RESTRICTION 0.003 0.56 -0.003 -0.44 0.003 0.44 0.012 0.33 0.015 0.63
AUDIT -0.095 -0.24 0.165 0.26 0.674 0.79 1.718* 1.05 1.216 0.97
PERCAPITAL -0.642** -2.00 -1.016** -2.16 -1.570** -2.46 -0.493 -0.41 0.731 0.71
OPENTOPUBLIC 0.542 1.36 0.672 0.97 2.081*** 3.43 2.473** 2.02 1.984** 2.14
OPENENDED -0.178 -0.57 0.047 0.10 -0.855 -1.38 -0.344 -0.27 -1.486 -1.64
AE_OPTIONS 0.052 0.13 0.372 0.65 -0.718 -0.67 -0.190 -0.10 -2.335 -1.59
AF_OPTIONS -0.177 -0.23 1.007 0.67 -0.463 -0.49 0.898 0.48 0.721 0.50
AC_OPTIONS -1.431 -1.59 -1.474 -1.15 1.077 0.82 -2.034 -1.19 -0.353 -0.25
ACUR_OPTIONS 0.059 0.07 0.118 0.07 -0.192 -0.19 0.214 0.11 0.876 0.61
AE_WARRANTS 0.014 0.03 0.089 0.16 0.641 0.57 -2.225 -0.37 -1.388 -0.44
AF_WARRANTS -0.435 -0.46 0.154 0.09 -1.374 -1.45 -2.420 -0.37 -1.212 -0.39
AE_OTHER 0.370 0.80 0.356 0.50 0.084 0.07 3.025 1.03 0.385 0.26
AF_OTHER -0.894 -1.49 -3.026*** -2.96 0.229 0.21 -5.833* -1.74 0.227 0.10
AC_OTHER -0.854 -0.94 -0.827 -0.60 -2.848* -1.70 -3.197 -1.53 -4.564*** -2.88
ACUR_OTHER 0.510 0.83 1.343 1.36 -1.084 -1.15 0.719 0.29 -1.695 -1.13
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.23 0.22 0.272 0.179 0.136
    F-statistic 19.79 11.28 7.385 2.186 2.241
Durbin-Watson stat 1.86 1.89 1.942 2.345 1.946
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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Table 5

Regression Statistics of Performance Measures on Derivatives Use
This table presents parameter estimates of cross-sectional analysis for performance estimates of hedge funds. The 
model for the cross-sectional analysis is the following (Model 2):





N

j
jij

N

j
jijji eDERIVATIVECONTROLMEASURE

11

 , (1)

where jiMEASURE  defines a performance measure j of fund i; jiCONTROL defines an additional control vari-

able j of fund i, and jiDERIVATIVE  defines a dummy variable for the use of a derivative j by fund I (1 if the de-
rivative is used, otherwise 0). Asset dummies include controls for assets and primary assets in which hedge funds 
report to invest. This table also presents the Durbin-Watson test for the first-order serial correlation. t-statistics are 
marked in italic. See Table 1 for definitions of the other variables variables.
Dep. Variable: SHARPE All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -0.634** -2.24 -0.904*** -4.75 0.323 0.47 -0.618* -1.71 -0.543** -2.04
LNSIZE 0.034*** 11.52 0.032*** 8.42 0.040*** 5.25 0.019*** 2.75 0.025*** 4.22
LNAGE 0.052 1.30 0.087*** 3.20 -0.096 -0.96 0.071 1.37 0.039 1.13
HMARK 0.000 -0.03 0.022* 1.93 0.048 0.80 0.009 0.26 0.012 0.40
IFEE 0.000 -0.08 0.001 1.09 -0.003 -0.75 -0.003 -0.74 -0.004* -1.92
MFEE -0.001 -0.15 0.002 0.30 0.011 1.01 -0.018 -1.84 -0.013 -1.54
LEVERAGED 0.008 0.60 -0.003 -0.32 0.031 0.80 -0.016 -0.31 0.001 0.02
MININVESTMENT 0.000 -0.96 -0.001 -0.62 0.006** 2.50 0.008 1.57 0.003 1.13
RESTRICTION 0.001*** 3.86 0.000 0.82 0.000 -1.47 0.000 -1.87 0.000 0.28
LOCKUP 0.002** 2.18 0.001** 2.50 0.001 1.88 0.003*** 2.64 0.002*** 3.14
AUDIT -0.009 -0.63 -0.013 -0.91 0.018 0.43 -0.031 -0.99 -0.041 -1.41
PERCAPITAL 0.009 0.81 0.016 1.70 -0.001 -0.04 -0.010 -0.35 0.010 0.49
OPENTOPUBLIC -0.051*** -3.54 -0.033*** -2.62 -0.042 -0.98 -0.048 -1.37 -0.054** -1.98
OPENENDED 0.013 0.89 -0.001 -0.05 0.019 0.41 -0.014 -0.45 0.006 0.26
AE_OPTIONS -0.003 -0.26 0.023** 2.00 -0.037 -1.54 -0.036 -0.90 0.001 0.02
AF_OPTIONS -0.041 -1.53 -0.024 -1.15 -0.083 -1.40 0.012 0.21 -0.027 -0.63
AC_OPTIONS 0.044 1.94 -0.015 -0.61 0.093** 2.20 -0.020 -0.49 -0.024 -0.80
ACUR_OPTIONS -0.026 -1.62 -0.015 -0.76 -0.019 -0.67 -0.013 -0.22 0.016 0.48
AE_WARRANTS -0.007 -0.59 -0.001 -0.09 0.069** 2.36 0.214 1.65 0.044 0.95
AF_WARRANTS -0.019 -0.94 -0.004 -0.18 -0.071** -2.26 -0.164 -1.20 -0.083 -1.24
AE_OTHER 0.015 1.26 -0.018 -1.52 0.062* 1.83 0.007 0.12 0.037 1.03
AF_OTHER -0.025 -1.00 -0.009 -0.46 -0.025 -0.44 -0.056 -0.73 0.028 0.67
AC_OTHER -0.049** -2.23 -0.032 -1.07 -0.097* -1.85 0.055 0.92 -0.038 -1.13
ACUR_OTHER 0.000 0.03 -0.032* -1.77 0.054* 1.84 -0.051 -0.92 -0.016 -0.39
Strategy  Dummies Yes Yes Yes Yes Yes
Time Dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.227 0.333 0.212 0.406 0.311
    F-statistic 19.759 19.392 5.603 4.700 4.556
Durbin-Watson stat 1.944 1.862 2.023 2.027 1.833
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level

1972



54

(Table 5 continues)
Dep. Variable: SHARPED All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -0.585* -1.85 -0.940*** -4.49 0.483 0.65 -0.768 -1.74 -0.571** -2.03
LNSIZE 0.036*** 10.27 0.033*** 7.75 0.041*** 4.59 0.023** 2.34 0.026*** 3.98
LNAGE 0.050 1.12 0.090*** 3.02 -0.101 -0.94 0.076 1.21 0.043 1.14
HMARK -0.020 -0.90 0.021 1.61 0.007 0.09 -0.006 -0.11 0.007 0.23
IFEE 0.000 0.22 0.002 1.59 -0.005 -0.86 -0.004 -0.86 -0.004 -1.60
MFEE -0.002 -0.23 0.009 1.02 0.010 0.82 -0.020 -1.64 -0.014 -1.56
LEVERAGED 0.007 0.42 -0.008 -0.62 0.054 1.10 0.045 0.51 0.001 0.02
MININVESTMENT 0.000 -0.31 -0.001 -0.85 0.007*** 2.28 0.015 1.80 0.004 1.09
RESTRICTION 0.002*** 3.93 0.000 0.64 0.000 -0.84 0.000** -2.22 0.000 0.28
LOCKUP 0.003** 2.36 0.001** 2.44 0.001* 1.93 0.006** 2.53 0.002*** 2.91
AUDIT -0.008 -0.45 -0.020 -1.27 0.026 0.52 -0.037 -0.93 -0.047 -1.48
PERCAPITAL 0.003 0.26 0.020 1.78 -0.008 -0.24 -0.031 -0.80 0.012 0.52
OPENTOPUBLIC -0.053*** -3.31 -0.029* -1.96 -0.029 -0.65 -0.073 -1.45 -0.044 -1.50
OPENENDED 0.009 0.51 -0.005 -0.34 0.006 0.11 -0.012 -0.26 0.000 0.01
AE_OPTIONS -0.010 -0.79 0.022 1.65 -0.042 -1.57 -0.030 -0.59 0.003 0.09
AF_OPTIONS -0.053* -1.77 -0.029 -1.20 -0.095 -1.50 0.057 0.69 -0.037 -0.80
AC_OPTIONS 0.038 1.34 -0.012 -0.44 0.111*** 2.26 -0.061 -1.05 -0.020 -0.59
ACUR_OPTIONS -0.010 -0.52 -0.011 -0.47 -0.017 -0.54 -0.018 -0.22 0.019 0.51
AE_WARRANTS -0.006 -0.44 0.006 0.39 0.073** 2.24 0.227 1.41 0.047 0.85
AF_WARRANTS -0.020 -0.84 0.005 0.20 -0.081** -2.36 -0.149 -0.88 -0.084 -1.13
AE_OTHER 0.027* 1.70 -0.016 -1.11 0.078** 2.10 0.046 0.58 0.029 0.73
AF_OTHER -0.059* -1.91 -0.026 -1.14 -0.075 -1.07 -0.117 -1.07 0.040 0.89
AC_OTHER -0.047* -1.74 -0.043 -1.23 -0.118** -1.99 0.060 0.72 -0.069* -1.72
ACUR_OTHER 0.005 0.29 -0.032 -1.55 0.059* 1.76 -0.049 -0.63 -0.010 -0.22
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.198 0.299 0.199 0.392 0.272
    F-statistic 16.719 16.671 5.243 4.494 3.943
Durbin-Watson stat 1.975 1.877 2.005 1.936 1.865
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level
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Table 6

Regression Statistics of Higher Moments on Derivatives Use
This table presents parameter estimates of cross-sectional analysis for Value-at-Risk estimates of hedge funds. The 
model for the cross-sectional analysis is the following (Model 2):
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where jiMEASURE  defines a measure associated with higher moments j of fund i; jiCONTROL defines an ad-

ditional control variable j of fund i, and jiDERIVATIVE  defines a dummy variable for the use of a derivative j by 
fund I (1 if the derivative is used, otherwise 0). Asset dummies include controls for assets and primary assets in 
which hedge funds report to invest. This table also presents the Durbin-Watson test for the first-order serial correla-
tion. t-statistics are marked in italic. See Table 1 for definitions of the variables.

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level

Dep. Variable: SKEW All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C 0.348 0.49 -0.015 -0.02 2.986** 2.38 -1.705 -1.08 0.588 0.37
LNSIZE -0.025* -1.93 -0.007 -0.52 -0.038 -1.13 0.036 0.86 -0.042 -1.14
LNAGE -0.062 -0.61 -0.060 -0.52 -0.338* -1.87 0.183 0.90 -0.086 -0.39
HMARK -0.092 -1.40 -0.081 -1.10 0.015 0.06 -0.101 -0.60 0.237 1.17
IFEE 0.013*** 3.02 0.017*** 3.64 -0.006 -0.63 0.003 0.27 0.001 0.06
MFEE 0.060 1.83 0.111** 2.45 0.043 0.79 -0.084* -1.78 -0.012 -0.26
LEVERAGED -0.018 -0.39 -0.062 -1.11 0.105 0.96 -0.128 -0.67 0.081 0.53
MININVESTMENT 0.007* 1.81 0.001 0.16 0.004 0.37 0.013 0.67 -0.018 -0.88
RESTRICTION 0.000 -1.12 0.000 -1.48 0.000** -1.98 0.000 -0.24 0.000 1.06
LOCKUP 0.002** 2.45 0.001 1.03 0.002 0.80 0.008** 2.11 0.002 0.59
AUDIT -0.024 -0.47 0.010 0.15 0.065 0.47 -0.051 -0.29 0.040 0.24
PERCAPITAL -0.072 -1.52 -0.011 -0.20 -0.245** -2.08 -0.261** -2.27 -0.169 -1.36
OPENTOPUBLIC -0.003 -0.05 0.108 1.38 0.018 0.13 0.020 0.14 -0.440** -2.66
OPENENDED -0.091* -1.91 -0.020 -0.34 -0.272** -2.05 0.083 0.56 -0.091 -0.68
AE_OPTIONS -0.068 -1.42 -0.153** -2.57 -0.253** -2.04 0.285 1.52 0.171 0.98
AF_OPTIONS -0.235** -2.52 -0.011 -0.09 -0.230 -1.45 0.193 0.99 0.009 0.05
AC_OPTIONS 0.032 0.32 0.074 0.57 0.303 1.64 -0.396** -2.08 0.085 0.49
ACUR_OPTIONS 0.052 0.56 -0.014 -0.11 0.083 0.50 -0.058 -0.25 -0.217 -1.24
AE_WARRANTS 0.095* 1.69 0.111 1.66 0.100 0.71 -0.089 -0.27 -0.466 -1.10
AF_WARRANTS 0.013 0.13 -0.084 -0.59 -0.059 -0.41 -0.255 -0.69 -0.047 -0.10
AE_OTHER 0.056 1.09 0.126* 1.94 -0.043 -0.28 -0.102 -0.42 -0.268 -1.25
AF_OTHER -0.110 -1.33 -0.185* -1.79 -0.095 -0.59 -0.183 -0.62 0.102 0.41
AC_OTHER 0.094 0.78 -0.076 -0.42 -0.219 -0.89 -0.003 -0.01 -0.273 -1.14
ACUR_OTHER 0.039 0.50 -0.037 -0.35 -0.037 -0.21 0.277 1.02 -0.077 -0.36
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.12 0.08 0.218 0.062 0.119
    F-statistic 9.49 4.21 5.770 1.356 2.059
Durbin-Watson stat 1.84 1.88 1.826 1.924 1.712
N 3382 1841 838 245 363
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(Table 6 continues)
Dep. Variable: EXKURT All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -7.553** -2.39 -7.510** -2.22 -12.876* -1.90 -4.470 -0.89 -7.267 -1.08
LNSIZE 0.045 0.67 0.014 0.20 0.181 0.95 0.210 1.37 -0.003 -0.02
LNAGE 1.590*** 3.34 1.028** 2.12 2.054** 2.05 0.308 0.50 1.571* 1.71
HMARK -0.877** -2.12 -0.306 -0.83 -2.925 -1.60 -0.401 -0.65 -1.413 -1.28
IFEE 0.066*** 3.43 0.082*** 4.14 0.087* 1.70 0.038 0.83 0.139* 1.85
MFEE 0.058 0.34 0.180 0.75 -0.056 -0.21 -0.137 -0.77 -0.320* -1.73
LEVERAGED 0.042 0.17 0.168 0.63 0.248 0.45 -0.053 -0.07 -1.342 -1.50
MININVESTMENT -0.022 -0.98 -0.012 -0.51 -0.042 -0.52 0.069 1.12 0.136 0.97
RESTRICTION 0.000 1.43 0.000*** -2.84 0.000* 1.69 0.000 -0.06 0.000 -1.02
LOCKUP 0.003 0.72 0.000 0.09 0.018 1.27 0.048*** 3.16 -0.011 -0.67
AUDIT -0.082 -0.35 -0.384 -1.23 0.651 0.93 -0.944 -1.26 -0.728 -0.95
PERCAPITAL 0.400 1.40 0.107 0.39 0.840 1.04 -0.626 -1.30 -0.038 -0.06
OPENTOPUBLIC -0.013 -0.04 0.430 1.02 -0.790 -1.09 -1.121*** -2.81 0.951 1.14
OPENENDED 0.258 0.95 -0.004 -0.01 1.375 1.46 1.263** 2.30 0.641 1.27
AE_OPTIONS 0.497** 2.03 0.344 1.15 0.952 1.37 0.965 1.36 1.101 1.39
AF_OPTIONS 0.414 0.69 -0.233 -0.35 0.426 0.36 1.416** 2.02 1.828** 2.01
AC_OPTIONS -0.110 -0.23 0.233 0.43 -0.481 -0.47 -0.215 -0.34 -1.356 -1.61
ACUR_OPTIONS 0.454 0.95 0.711 1.16 -0.392 -0.39 -0.880 -1.10 0.061 0.08
AE_WARRANTS 0.126 0.49 0.218 0.74 0.521 0.68 -1.814 -1.48 1.611 0.63
AF_WARRANTS -0.809 -1.45 -0.073 -0.10 -1.408 -1.58 -0.678 -0.53 -3.184 -1.07
AE_OTHER 0.140 0.57 0.060 0.19 0.491 0.59 0.417 0.57 0.743 0.77
AF_OTHER 0.194 0.42 -0.009 -0.02 0.242 0.23 0.412 0.51 -0.936 -0.95
AC_OTHER -1.060 -1.52 0.418 0.53 -1.858 -1.40 -0.600 -0.67 1.443 1.32
ACUR_OTHER -0.446 -1.17 -0.189 -0.40 0.052 0.05 0.633 0.71 1.681 1.65
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.12 0.05 0.175 0.094 0.123
    F-statistic 9.66 2.99 4.621 1.563 2.106
Durbin-Watson stat 1.83 1.94 1.705 2.134 1.889
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level.
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(Table 6 continues)
Dep. Variable: CF All Equity Fixed-Income Commodity Currency
Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C -2.240*** -3.84 -2.227*** -2.91 -1.106 -1.11 -2.900** -2.35 -1.331 -0.99
LNSIZE -0.006 -0.54 0.005 0.39 -0.009 -0.37 0.037 1.14 -0.007 -0.27
LNAGE -0.012 -0.14 -0.054 -0.51 -0.169 -1.18 -0.013 -0.08 -0.242 -1.30
HMARK -0.173*** -3.23 -0.093 -1.38 -0.411*** -2.79 -0.117 -0.83 0.017 0.08
IFEE 0.010*** 2.65 0.008** 2.09 -0.004 -0.50 0.006 0.58 0.008 0.70
MFEE 0.069** 2.48 0.093** 2.15 0.066* 1.86 -0.034 -0.93 0.029 0.72
LEVERAGED -0.040 -0.94 -0.056 -0.97 0.197** 2.06 -0.054 -0.31 -0.024 -0.19
MININVESTMENT 0.003 0.90 -0.001 -0.11 0.003 0.41 0.017 1.00 -0.006 -0.39
RESTRICTION 0.000** 1.98 0.000 -0.67 0.000 0.98 0.000 -0.86 0.000 1.15
LOCKUP 0.001** 2.13 0.000 0.28 0.003* 1.93 0.007** 2.03 0.002 0.80
AUDIT -0.018 -0.41 -0.017 -0.29 0.099 1.02 0.063 0.48 0.080 0.66
PERCAPITAL -0.031 -0.80 -0.040 -0.76 -0.078 -0.96 -0.201** -2.22 -0.018 -0.19
OPENTOPUBLIC 0.027 0.54 0.127 1.58 0.020 0.22 0.060 0.50 -0.178 -1.58
OPENENDED -0.078* -1.89 -0.036 -0.61 -0.159* -1.86 0.030 0.23 -0.156 -1.49
AE_OPTIONS -0.066 -1.50 -0.093 -1.53 -0.176* -1.70 0.147 0.96 -0.020 -0.16
AF_OPTIONS -0.210*** -2.71 0.025 0.19 -0.209** -2.04 0.014 0.09 0.129 0.84
AC_OPTIONS -0.070 -0.84 -0.050 -0.44 0.104 0.76 -0.338** -2.07 0.023 0.18
ACUR_OPTIONS 0.066 0.77 -0.050 -0.38 0.095 0.78 -0.041 -0.22 -0.262* -1.67
AE_WARRANTS 0.095* 1.88 0.126** 2.09 0.065 0.54 -0.149 -0.42 -0.126 -0.40
AF_WARRANTS -0.037 -0.38 -0.017 -0.11 -0.184 -1.60 0.088 0.24 -0.038 -0.11
AE_OTHER 0.042 0.88 0.064 1.00 0.043 0.34 0.056 0.26 -0.198 -1.14
AF_OTHER -0.115* -1.67 -0.245** -2.49 -0.104 -0.85 -0.362 -1.35 0.070 0.33
AC_OTHER 0.001 0.01 -0.090 -0.51 -0.294 -1.46 -0.117 -0.45 -0.392** -2.00
ACUR_OTHER 0.038 0.54 0.002 0.02 -0.065 -0.49 0.349 1.48 -0.011 -0.06
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.092 0.065 0.215 0.087 0.095
    F-statistic 7.436 3.551 5.670 1.514 1.826
Durbin-Watson stat 1.899 1.944 1.929 1.993 1.762
N 3382 1841 838 245 363

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level.
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Table 7

The Impact of Complexity of Derivatives Strategies on Hedge Fund Performance
This table presents parameter estimates of cross-sectional analysis for performance and risk estimates of hedge 
funds. The model for the cross-sectional analysis is the following (Model 3):

eCOMPLEXCONTROLMEASURE i

N

j
jijji  


1

1

 , (1)

where jiMEASURE  defines a measure associated with higher moments j of fund i; jiCONTROL defines an ad-

ditional control variable j of fund i, and iCOMPLEX  defines the number of different derivatives used by a hedge 
fund. Asset dummies include controls for assets and primary assets in which hedge funds report to invest. The sam-
ple inclides 3382 hedge funds. This table also presents the Durbin-Watson test for the first-order serial correlation. t-
statistics are marked in italic. See Table 1 for definitions of the variables.

SHARPE SHARPED MEAN STDEV
Variable Coef. t Coef. t Coef. t Coef. t
C -0.653** -2.33 -0.608* -1.94 -2.737*** -4.70 3.850* 1.68
LNSIZE 0.034*** 11.59 0.036*** 10.33 0.066*** 6.42 -0.279*** -6.85
LNAGE 0.053 1.33 0.052 1.17 0.298*** 3.78 0.448 1.32
HMARK -0.001 -0.05 -0.022 -0.97 -0.008 -0.19 -0.361** -2.59
IFEE 0.000 -0.09 0.000 0.19 0.009*** 2.81 0.047*** 4.33
MFEE -0.001 -0.09 -0.002 -0.24 0.037 1.44 0.221* 1.92
LEVERAGED 0.008 0.60 0.006 0.35 0.078** 2.54 0.549*** 5.39
MINIMUM(Million$) -0.036 -0.95 -0.017 -0.32 -0.295*** -3.10 -0.870*** -3.16
RESTRICTION 0.001*** 3.91 0.002*** 3.99 0.002*** 4.62 0.001 0.29
LOCKUP 0.002** 2.14 0.002** 2.26 0.011*** 4.08 0.034*** 3.84
AUDIT -0.011 -0.78 -0.011 -0.63 -0.007 -0.16 -0.204 -1.28
PERCAPITAL 0.009 0.83 0.003 0.24 0.074** 2.55 0.148 1.26
OPENTOPUBLIC -0.050*** -3.51 -0.053*** -3.29 -0.063 -1.55 -0.037 -0.28
OPENENDED 0.014 0.94 0.011 0.62 0.003 0.10 -0.029 -0.28
COMPLEXITY -0.009*** -3.41 -0.011*** -3.64 -0.019*** -2.85 0.006 0.22
Strategy  Dummies Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes

Adjusted R-squared 0.227 0.196 0.171 0.279
    F-statistic 23.549 19.770 16.816 30.700
Durbin-Watson stat 1.937 1.968 1.904 1.893
* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level.
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(Table 7 continues)
SKEW EXKURT CF VAR MVAR

Variable Coef. t Coef. t Coef. t Coef. t Coef. t
C 0.289 0.41 -7.505** -2.37 -2.282*** -3.93 -11.694** -2.25 -15.292*** -2.61
LNSIZE -0.08 -1.87 0.043 0.64 -0.005 -0.5 0.715*** 7.69 0.646*** 5.93
LNAGE -0.056 -0.55 1.575*** 3.27 -0.007 -0.08 -0.746 -0.97 0.157 0.18
HMARK -0.102 -1.54 -0.903** -2.2 -0.184*** -3.43 0.832*** 2.71 0.076 0.18
IFEE 0.012*** 2.81 0.071*** 3.66 0.01 2.47 -0.101*** -4.1 -0.05 -1.62
MFEE 0.058* 1.81 0.049 0.28 0.068** 2.49 -0.476* -1.84 -0.254 -0.75
LEVERAGED -0.017 -0.36 0.041 0.16 -0.043 -0.99 -1.200*** -5.27 -1.368*** -4.6
MINIMUM(Million$) -0.245 -1.05 2.48 1.28 0.345** 2.07 1.730*** 2.86 2.850*** 3.24
RESTRICTION 0.002*** 2.66 0.003 0.65 0.001** 2.34 0.001 0.23 0.002 0.54
LOCKUP 0.006 1.59 -0.016 -0.76 0.002 0.65 -0.068*** -3.55 -0.055** -2.19
AUDIT -0.03 -0.6 -0.091 -0.39 -0.023 -0.53 0.467 1.3 -0.122 -0.31
PERCAPITAL -0.069 -1.47 0.387 1.37 -0.03 -0.78 -0.27 -1.02 -0.657** -2.06
OPENTOPUBLIC 0.003 0.05 -0.039 -0.13 0.031 0.63 0.023 0.08 0.54 1.34
OPENENDED -0.080* -1.67 0.22 0.79 -0.069* -1.66 0.071 0.3 -0.155 -0.5
COMPLEX -0.021* -1.78 0.112* 1.77 -0.023** -2.56 -0.032 -0.53 -0.061 -0.84
Strategy  Dummies Yes Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes Yes

Adjusted R-squared 0.115 0.119 0.088 0.291 0.227
    F-statistic 10.956 11.413 8.369 32.58 23.604
Durbin-Watson stat 1.831 1.823 1.896 1.89 1.857

* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level.
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Table 8

The Nonlinear Impact of Complexity of Derivatives Strategies on 

Hedge Fund Performance
This table presents parameter estimates of cross-sectional analysis for performance and risk estimates of hedge 
funds. The model for the cross-sectional analysis is the following (Model 4):

eCOMPLEXCOMPLEXCONTROLMEASURE ii

N

j
jijji  



2
21

1
)( , (1)

where jiMEASURE  defines a measure associated with higher moments j of fund i; jiCONTROL defines an ad-

ditional control variable j of fund i, and iCOMPLEX  defines the number of different derivatives used by a hedge 
fund. The sample inclides 3382 hedge funds. This table also presents the Durbin-Watson test for the first-order serial 
correlation. t-statistics are marked in italic. Asset dummies include controls for assets and primary assets in which 
hedge funds report to invest. See Table 1 for definitions of the variables.

SHARPE SHARPED MEAN STDEV
Variable Coef. t Coef. t Coef. t Coef. t
C -0.645** -2.30 -0.598* -1.91 -2.737*** -4.70 3.829* 1.67
LNSIZE 0.034*** 11.64 0.036*** 10.37 0.066*** 6.42 -0.278*** -6.85
LNAGE 0.053 1.33 0.052 1.18 0.298*** 3.78 0.448 1.32
HMARK 0.000 0.02 -0.020 -0.91 -0.008 -0.18 -0.364** -2.60
IFEE 0.000 0.05 0.001 0.33 0.009*** 2.81 0.047*** 4.28
MFEE 0.000 0.04 -0.001 -0.11 0.037 1.44 0.218* 1.90
LEVERAGED 0.013 1.02 0.012 0.78 0.078** 2.56 0.535*** 5.27
MINIMUM(Million$) -0.038 -1.00 -0.019 -0.36 -0.295*** -3.10 -0.866*** -3.13
RESTRICTION 0.001*** 3.89 0.002*** 3.97 0.002*** 4.61 0.001 0.31
LOCKUP 0.002** 2.21 0.003** 2.33 0.011*** 4.08 0.034*** 3.82
AUDIT -0.009 -0.63 -0.008 -0.47 -0.007 -0.16 -0.209 -1.31
PERCAPITAL 0.010 0.91 0.004 0.33 0.074** 2.55 0.146 1.24
OPENTOPUBLIC -0.050*** -3.49 -0.052*** -3.27 -0.063 -1.55 -0.038 -0.29
OPENENDED 0.015 1.00 0.012 0.69 0.003 0.10 -0.031 -0.30
COMPLEX -0.030*** -4.37 -0.038*** -4.49 -0.020 -1.37 0.063 1.11
COMPLEX^2 0.002*** 3.63 0.003*** 3.84 0.000 0.12 -0.006 -1.17
Strategy  Dummies Yes Yes Yes Yes
Time dummies Yes Yes Yes Yes
Asset Dummies Yes Yes Yes Yes

Adjusted R-squared 0.230 0.200 0.170 0.279
    F-statistic 23.469 19.797 16.438 30.046
Durbin-Watson stat 1.936 1.967 1.904 1.894
* refers to a statistical significance at the 10% level; ** refers to a statistical significance at the 5% level;  *** refers to a statistical significance at 
the 1% level.
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Table 9

Information Criterions
This table presents the values of Akaike Information Criterion (AIC) and Schwarz Information Criterion (SIC) for 
the linear regression analysis presented in Tables 7, X, and X (denoted as Linear) and the quadratic regression 
analysis presented in Tables 8, X, and X (denoted as Quadratic). See Table 1 for definitions of the variables.

SHARPE SHARPED MEAN STDEV SKEW EXKURT CF VAR MVAR
Linear
AIC 0.5430 0.9683 2.4234 5.1061 3.2141 6.6717 2.8965 7.2112 6.7265
SIC 0.6245 1.0498 2.5050 5.1876 3.2956 6.7532 2.9780 7.2927 6.8081

Quadratic
AIC 0.5390 0.9639 2.4240 5.1063 3.2145 6.6723 2.8971 7.2117 6.7267
SIC 0.6223 1.0472 2.5074 5.1897 3.2978 6.7556 2.9804 7.2950 6.8101
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Abstract 

We examine the dynamics of  firm's short-term financing choice between intermediated loans 

and trade credit. We argue that for firms with high agency costs, trade credit facilitates the 

access to and improves the terms of conventional loans. We model the idea that trade credit is a 

positive signal of the creditworthiness of the borrower. Hence, firms will choose to borrow from 

both intermediaries and trading partners. We report empirical evidence that firms with high 

agency costs rely heavily on supplier financing.  For small firms, one standard deviation increase 

in the ratio of trade credit to total assets implies a 2.6% increase in the ratio of bank debt to total 

assets, which is large and economically significant relative to the mean of 15%. For young and 

risky firms trade credit also has a significant positive effect on the level of intermediated 

borrowing.  
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Suppliers regularly provide trade credit, selling goods to their retail customers with a delayed 

payment. Petersen and Rajan (1997) state that trade credit is the single most important source of 

short-term external finance for firms in the United States. Similar observations have been made for 

U.K. (see Pike and Cheng, 2001) and Japanese firms (see Miwa and Ramseyer, 2004). Previous 

studies suggest that trade credit rates are often much higher than rates on conventional 

institutional loans. Why do suppliers and their customers prefer to use expensive trade credit 

rather than loans obtained from financial intermediaries? In this paper, we examine the firms' 

choice between supplier financing versus borrowing from a financial intermediary. We report 

empirical evidence that firms with high agency costs rely heavily on supplier financing. For these 

firms trade credit has a significant positive effect on the level of intermediated borrowing. 

Pricing trade credit is complicated because suppliers do not charge an explicit interest rate so 

previous studies have relied on extracting an interest rate from the hypothesized cash-discount 

terms. Peterson and Rajan (1997), for example assume that suppliers offer the "2/10 Net 30" terms 

which translates into an annual interest rate of about 40 percent. From the customer's standpoint, 

however, taking the cash discount results in zero cost borrowing for ten days and reduces the cost 

of goods or services purchased. It is only when the firm foregoes the cash discount that the cost of 

trade credit becomes high
1
. In general, given the long credit periods, the relatively rare cash 

discount offers and even less common penalties for late payment it is difficult to argue that there is 

a significant cost disadvantage to using trade credit relative to intermediated finance. 

Several studies have proposed explanations about why firms use trade credit. This paper 

argues that trade credit can serve as a reputation signal in the cycle of firms' financing. When there 

                                                             
1
 In addition, there is no explicit adjustment to the cost of trade credit that takes into account the higher risk of 

trade debt. It is a well know fact that trade debt is poorly diversified. 
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are no informational asymmetries between borrowers and lenders, all positive net present value 

projects will be funded. On the other hand, if entrepreneurs cannot credibly convey the 

creditworthiness of their projects trade credit can be used as a means of acquiring reputation. In 

practice, the credit quality of many small businesses may be difficult to assess and monitor because 

most of the information about them is privately held. To some extent suppliers can resolve these 

informational asymmetries. Firm's creditworthiness can be signalled to financial markets through 

the public disclosure of credit agreements, trade credit renewals and the existence of a supplier-

customer relationships. Adam, Wyatt and Kim (1990) cite the Campeau Corporation bankruptcy 

case as a compelling example in which trade creditors were apparently the first to detect financial 

distress and alert other lenders through their reluctance to provide seasonal inventories on credit. 

Thus, trade credit may serve as an inexpensive indicator of continuing financial health, and 

financial intermediaries may rely on reputational spillovers from supplier-customer relationships. 

In this paper, we examine how firms choose whether to borrow from a supplier or a financial 

intermediary. We develop new empirical tests in the context of a simple model that builds on 

Diamond (1991), where suppliers have a liquidation advantage but financial intermediaries have a 

lower cost of capital. If the use of trade credit is perceived by financial intermediaries as a 

favourable signal about the credit worthiness of the borrower, then firms will use supplier finance 

despite its higher cost, i.e. the liquidation advantage offsets the lower cost that banks face in 

raising funds on the deposit market. This role of trade credit implies that new benefits arise from 

borrower-lender relationships. These benefits concern the availability of longer-term financing and 

the willingness of financial intermediaries to extend loans to firms using trade credit. 
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Our main contribution is the empirical tests of the model using a large panel dataset for the 

period 1998 to 2006. The sample comprises of both public and private companies and has a 

comprehensive coverage from all industries for which the assumption that a supplier of an 

intermediate good provides trade credit to a customer is valid.   We find that for firms with high 

agency costs, increasing trade credit is associated with more institutional loans available to 

borrowers. For example, for small firms, one standard deviation increase in the ratio of accounts 

payable to total assets implies a 2.6% increase in the ratio of short-term bank debt to total assets, 

which is large and economically significant relative to the mean of 15%.  Similarly, for young firms, 

the increase is economically significant at 2.1%. The fact that firms are able to obtain and service 

suppliers' debt, which has a higher cost, conveys important information to bank loan officers about 

the likelihood of the borrower's repayment. Everything else being equal, financial intermediaries 

prefer to lend to borrowers who use high levels of trade credit than to those using low levels of 

trade credit. 

Existing studies that have addressed the question of why firms choose to borrow from a 

supplier rather than from a financial intermediary share a common feature. Suppliers have an 

advantage over lenders, related to either product market characteristics or financial market 

structure. Our model is in the spirit to Frank and Maksimovic (2004), but we focus on the 

complementarity between trade credit and institutional loans. 

Current research argues that interfirm finance substitutes for bank credit because suppliers 

have access to privileged information about their customers. In Biais and Gollier (1997) trade credit 

provides a substitute source of finance to bank constrained firms. In contrast, we, argue that there 

is an important complementarity between the use of trade credit and bank loans that affects the 
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access to and cost of intermediated finance. Our model also suggests that the role of trade credit is 

to alleviate asymmetric information problems by signalling private information held by suppliers 

about their customers. 

Our main focus is on the empirical evidence on the use of trade credit. Previous empirical 

tests of trade credit theories have produced mixed results.  Long, Malitz and Ravid (1993) find that 

less creditworthy firms do not apply to more creditworthy firms for financing due to credit market 

constraints. Peterson and Rajan (1997), on the other hand, find that firms use more trade credit 

when access to loans from financial institutions is not available and that firms with more access to 

intermediated credit offer more trade credit.  Similarly, Calomiris, Himmelberg and Wachtel (1995) 

find that the issuance of commercial paper by high quality firms to finance the extension of trade 

credit to lower quality firms is counter-cyclical. Alphones, Ducret and Severin (2006) provide 

evidence that small firms in the US use trade credit to improve their reputation. Garcia-Appendini 

(2006) empirically examines whether banks incorporate "soft" information about firms' trade 

credit repayments into their lending decisions.  

The innovation in our study is that we focus on the dynamics of firms' choice of short-term 

external funding. We analyze the choice between two forms of short-term external financing, one 

of which is trade credit.  Our data comprise of both public and private, and large and small firms. 

Hence, our empirical results are robust with respect to sample biases related to size, age and 

access to public capital markets. 

The remainder of this paper is organized as follows. Section 2 presents the research design of 

the study and formulates the testable hypothesis. Section 3 describes our data, the variables used 

in the empirical analysis and provides summary statistics. Section 4 discusses the main results of 
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the study. Then, we provide some extensions to our main results and consider the effect of late 

payment and financial distress on our findings. The paper concludes with a summary and 

discussion of future research opportunities. 

 

2. Research Design 

First, we develop a simple model of how an entrepreneur chooses to finance the purchase of 

inputs. The entrepreneur can borrow either from a supplier or from a financial intermediary and 

although financial institutions have a lower cost of capital, they are inefficient at redeploying assets 

when the entrepreneur is unsuccessful. Suppliers have a higher cost of capital but they have a 

liquidation advantage in that they are able to efficiently redeploy the re-possessed inputs to their 

next best use. Proposition 1 shows that when firms cannot convey credibly their credit worthiness, 

they will choose to borrow from both types of lenders. Despite the higher cost of funds associated 

with trade credit, it serves as a signal that firms have good prospects. Everything else being equal, 

banks prefer to lend to a borrower who uses trade credit rather than to a borrower who does not. 

Proposition 2 shows that the fraction of trade credit financing will decrease with reputation effects. 

This is because the likelihood that credit rationing occurs, in the sense that the borrowers' demand 

for conventional loans is not fully met by the lenders' supply, decreases as borrowers acquire 

reputation over time. When severe information problems exist and lenders expect a high 

probability of default, trade credit will be more attractive as suppliers have lower liquidation costs. 

The longer a firm's history of successful repayments, the lower the expected probability of default 

and therefore the smaller the fraction of trade credit financing relative to bank loans. 
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Consider an economy with three types of risk neutral agents: entrepreneurs who have access 

to a concave production technology g(.), suppliers of an intermediate good (input) and financial 

intermediaries (banks) that provide loans. Lenders live only for a single period and at the beginning 

of every period the entrepreneurs face a new set of lenders. The lenders are competitive, earn zero 

expected profit and their number exceeds the number of entrepreneurs. For simplicity we assume 

that the time value of money is zero. 

There are two different types of limited liability entrepreneurs. The entrepreneur's type is 

her private information. The two types are: (i) type G who invests k units of input and realize 

output g(k)>k
2
 with probability p

G
=1; (ii) type B who succeeds in the same way as type G with 

probability pB<1 and fail with probability (1-pB). We assume that pB<k/g(k). This implies that type B 

entrepreneurs are a negative NPV investment for the financial intermediaries, whose cost of funds 

is the riskfree rate. 

Every period, each entrepreneur can undertake only one project. Entrepreneurs borrow 

funds to finance the purchase of k units of input sold by the supplier. Entrepreneurs borrow either 

from banks or from suppliers through a delayed payment of the purchased inputs (trade credit). If 

the entrepreneur is successful all inputs are used in the production process. If she fails some of the 

inputs can be retrieved. Output is consumed at the end of the same period it is produced (no 

saving is allowed). 

Trade Credit and Bank Loans 

Suppliers produce the input but they also do not have cash. They can cover (part of) their 

production cost either by receiving cash payment, or, if they obtain delayed payment, by 

                                                             
2
 Note that we normalize the price of one unit of input to one. 
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borrowing from the bank
3
. The suppliers produce k units of the input at a cost c(k,λ) where 

c(k,λ)=c₁(k)+c₂(λ) is a convex cost function
4
. Efficient redeployment requires the supplier of inputs 

to incur an ex ante specific (non-contractable) cost c₂(λ). This allows the supplier to identify the 

extent to which the retrieved inputs can be reused in their next best use and what their value will 

be. The idea is that the inputs are specific to the production technology of the entrepreneur but 

this specificity can be dampened at some cost. In the state of default the supplier is able to realize 

λk from the repossessed inputs, where λ∈[0,1]. A high level of λ corresponds to a highly 

redeployable asset, whereas a specialized asset will have a low value of λ5. For simplicity, we 

assume the following parametric form for the cost function c₂(λ)=(λ²)/2. 

The banks are less well positioned to obtain value from the repossessed input as they do not 

specialize in the redeployment of assets. However, when the seller finances her receivables using 

bank credit, she is locked in a lending relationship where the bank has all the bargaining power. In 

the case of default, the bank can sell any unused output to the supplier and extract all the rent 

from her. 

Banks are financial specialists and can raise funds in the deposit market. Their cost of funds is 

normalized to zero. On the other hand, the cost of funds for the supplier r(.) is increasing in the 

amount borrowed and convex with r(0)=0. We use a reduced form that captures the premium 

banks will charge suppliers due to moral hazard or adverse selection problems. This is in the spirit 

of Cantillo (1996) where the agency costs between a borrow and a lender(s) are like an added cost 

                                                             
3
 It is assumed that the production costs are sufficiently low relative to the value of the sale, that is production is 

always profitable. 
4
 There is no loss in generality in assuming additivity of the cost function. 

5
 The same assumption is used in Habib and Johnsen (1999). 
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of capital. This assumption is also used in the theoretical analysis of Biais and Gollier (1997), while 

Mian and Smith (1992), provide empirical evidence of the suppliers' higher costs of lending. 

Entry and Exit into the Credit Market 

At time t=1, the fraction of type B entrepreneurs is ϕ₁ , where 0<ϕ₁<1. The faction of type G 

entrepreneurs is 1-ϕ₁. Entrepreneurs' types are set at the beginning (t=1) and do not change at 

different periods. At time t>1, there is a history, h, of each entrepreneur that will condition lenders' 

beliefs about her type. The history consists of the dates of successful repayments or default6. 

Entrepreneurs die at an exogenous rate θ and this exogenous separation occurs after projects' 

outcomes are realized. At the end of each period a set of new entrepreneurs with new histories 

enters the borrowing pool7. Type B entrepreneurs who are unsuccessful and fail are excluded from 

the credit market forever. At time t the proportion of type B entrepreneurs with history h is 

ϕB(h)=ϕt(h) and the proportion of type G entrepreneurs with history h is ϕG(h)=1-ϕt(h) and   

ϕt(h)≤ϕt(h-1). The proportions of the two types of entrepreneurs are public information. 

Conditional on extending loans to everybody in the pool, we set exit and entry rates (ξt) 

equal. Exit rate for borrowers with history h at time t is (1-pB) ϕt(h)+θ pBϕt(h)+θ(1- ϕt(h)). These are 

all type B entrepreneurs who were unsuccessful, a fraction θ of type B entrepreneurs who were 

successful but died and a fraction θ of type G entrepreneurs who die. 

As the entry and exit rates are the same, the proportion of the two types of new 

entrepreneurs entering the pool of borrowers, regardless of their history record, is the same as the 

initial one, i.e. ϕ₁. This means that at time t>1, ϕ₁ξt(h) type B entrepreneurs with history h will enter 

                                                             
6
 To rule out money burning equilibia we assume that interest rates paid are not part of the history. 

7
 We allow for borrowers with different histories to enter, not only those without an established financial record. 

The rationale for this is that for many new firms, the credit history of the owner can provide information to the 

lender. 
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the pool and (1-ϕ₁)ξt(h) type G entrepreneurs with the same history will also enter the pool. Figure 

1 shows the dynamics of the entry and exit to the borrowing pool. The figure shows how the pool 

composition evolves over time8. The fraction of type B entrepreneurs, with history h, reaches a 

constant level in the limit. Borrowers' histories continue to evolve as time goes by, but the fraction 

of type B entrepreneurs for a particular history becomes constant
9
. An important implication of the 

lemma is that the proportion of negative NPV entrepreneurs declines but never becomes zero. 

Definition and Characterization of Equilibria 

At t, the timing of the moves in our model is as follows. Entrepreneurs choose the level of 

investment kt and what fraction st of kt will be financed by trade credit and therefore a fraction (1-

st) that will be financed by bank loans. Entrepreneurs with history h offer a debt contract with face 

value L to the bank and a debt contract with a face value D to the supplier. Nature draws randomly 

the proportion of type B entrepreneurs that are unsuccessful. For entrepreneurs with history h, 

output g(k) is realized with probability (1-ϕt(h))p
G
+ϕt(h)p

B
 and repayments are made or output of 0 

is realized with probability ϕt(h)(1-pB) and default occurs. ξt(h) entrepreneurs with history h exit the 

borrowing pool and ξt(h) entrepreneurs with history h enter the borrowing pool. 

Entrepreneurs cannot influence the outcome of the project, so there is no ex-ante moral 

hazard on their part. Nature decides randomly what fraction of the type B entrepreneurs will be 

successful and what fraction will fail. Limited liability implies that the repayments [sD+(1-s)L] from 

type G and successful type B entrepreneurs cannot exceed g(k). When the failed type B 

entrepreneurs declare default, inputs are repossessed and redeployment value of λk is realized. 

                                                             
8
 This result is formally stated in a lemma. The lemma and its proof are available on request. 

9
 There are two dimensions to keep track of. The first one is the time dimension, while the second is the history 

dimension. Both the time and history dimensions become irrelevant in the limit in terms of revealing information 

about borrowers. 
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When the state of default occurs, the priority rule is determined by s. In reality, banks are usually 

the most senior creditors. There is, however, an important exception in that banks allow a 

borrowing firm's trade creditors to collateralize their claims. Longhofer and Santos (2003) argue 

that trade creditors are better able to liquidate the inputs they supply to a firm which makes it 

desirable to subordinate the non-collateralized portion of their claims. this increases the value of 

the supplier's claim for a given level of borrowing. Such a (combined) priority structure maximizes 

welfare by reducing the overall cost of funds for the borrower. 

Lenders cannot distinguish between the two types when faced with a borrower and the only 

observable characteristic is the history h. Output realizations are also observable and debt 

contracts are enforceable, i.e. the borrower cannot run away with the output10. In equilibrium, 

type B entrepreneurs choose the same level of investment and the fraction of it financed by trade 

credit as type G entrepreneurs. Any deviation from this strategy will reveal their type. In our 

model, a separating equilibrium cannot exist. Suppose a separating equilibrium existed, where type 

G borrowers receive risk free bank loans since they are a positive NPV for the financial 

intermediaries. Type B borrowers cannot be offered loans at the risk free rate since they are a 

negative NPV for the banks. In this equilibrium, type B borrowers using trade credit are required to 

pay higher rates than type G borrowers. It is sufficient for one type B borrower to mimic a type G 

borrower and use bank loans for such a separating equilibrium to collapse. We focus on pure 

strategy pooling equilibria. 

                                                             
10

 A model that allows borrowers to run away with the output requires an incentive compatible contract that 

makes it worthwhile for entrepreneurs to make payments when they have the funds to do so. Multiple equilibria 

arise in such a model but the result reported in Proposition 1 continues to hold. 
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Let πt(h) denote the probability that a project of a borrower with history h is successful, 

where πt(h)=1-ϕt(h)+p
B
ϕt(h). The return on a bank loan is determined by the zero profit condition: 

���ℎ����� , 
�|ℎ��1 − 
���� + �1 − ���ℎ����
��|ℎ��1 − 
���� =  �1 − 
����  (1) 

��
�|ℎ� = ������� ��������|��
�� ���          (2) 

where λ(
�|h) is the redeployment level chosen by supplier. Suppliers determine a level of λ that 

maximizes their profits11. The level chosen by the supplier is: 

��
�|ℎ�   =  ������[�1 − ���ℎ����
��� − !���, ���]      (3) 

��
�|ℎ�   =  �1 − ���ℎ��
���         

When the supplier does not provide credit st=0, she does not make any redeployment investment. 

The face value of the trade credit contract, D, at time t for borrows with history ht is 

determined by the zero-profit condition for suppliers: 

���ℎ�#���, 
�|ℎ�
��� + �1 − ���ℎ����
��� − !��� , ���  =  �1 + ��
���
���   (4) 

This leads to: 

#�
�|ℎ� = ��
�|ℎ� + $����
����� + %�&�,���

�������&�
  

where 
$����
����� reflects the higher cost of funds of trade credit providers and 

%�&�,���
�������&�

 accounts for the 

production and redeployment costs. 

Assume that each entrepreneur borrows from a single bank or a single supplier
12

. 

Entrepreneurs maximize profits by simultaneously deciding on the level of inputs k and the 

                                                             
11

 The fact that suppliers pay for making inputs redeployable but share the benefits with the bank creates a 

distortion. Only when st=1 does the redeployment investment equals the efficient level. Side payments from banks 

to suppliers will not correct this distortion since the redeployment investment is non-contractible. 
12

 For a borrower with history h, the number of banks providing loans is irrelevant. On the other hand, if the level 

of the redeployment investment λ is additive across suppliers of the same inputs, given the convexity of the 

redeployment costs, the entrepreneur will try to obtain trade credit from as many suppliers as possible. For 
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composition of sources of funds, i.e. entirely financed by bank loans (s=0), entirely finance by trade 

credit (s=1) or some combination of the two (0<s<1). After entrepreneurs decide on k and s, the 

project is undertaken and nature draws randomly the proportion of successful and unsuccessful 

entrepreneurs. 

The total payment (TP) for a successful borrower with history ht is: 

'(��� , 
�|ℎ� =  �#�
�|ℎ�
� + ��
�|ℎ��1 − 
�����       (5) 

= )�����������²��&�
����� + $������

����� + �� + ���������²��²&�²
,����� + %₁�&��

�����       

Unsuccessful type B entrepreneurs declare default and are excluded from the borrowing 

market forever. The supplier redeploys the repossessed inputs and a value of λk is realized. 

A borrower with history h solves the following problem: 

max&�,��
1�1 − 2��

3

�45
67�[����� − '(���, 
�|ℎ�], 8  ∈  {:, ;} 


. >. �����   ≥  '(���, 
�|ℎ�,  ��  ≥  0, 0 ≤ 
� ≤ 1 

Testable Predictions 

Proposition 1 Complementarily: Entrepreneurs choose to finance the purchase of inputs using both 

bank loans and trade credit at the same time13. 

The intuition behind Proposition 1 is that at the margin firms will trade off the benefits of 

trade credit against its higher costs. The marginal cost of trade debt is increasing with the amount 

borrowed. Given the competitive nature of the lending market, however, the benefits of the 

                                                                                                                                                                                                    

simplicity, we assume that λ is not additive across suppliers and therefore it is optimal to use a single supplier of 

the inputs. 
13

 The formal proof of Proposition 1 is available on request. 
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supplier's liquidation advantage are passed to the entrepreneur. This means that an interior 

solution is optimal where the borrower uses the two sources of capital. 

Proposition 2: The fraction of trade credit financing extended by suppliers decreases 

monotonically. It approaches a fixed level as the borrower acquires more reputation over time14. 

The intuition behind Proposition 2 is as follows. Given that the supplier has lower liquidation 

costs, this will be most valuable to entrepreneurs who have high expected probability of default. As 

entrepreneurs acquire more reputation over time, the expected probability of default declines and 

the value of trade credit as a signal is reduced. Given the higher cost of supplier's debt, the amount 

of trade credit used to finance the purchase of inputs will decline. 

An important empirical implication of our model is that firms operating in industries 

characterized with high probability of failure of the type B technology (low value of pB) use on 

average greater amounts of trade credit compared to those operating in industries with low failure 

probabilities. 

 

3. Data Description 

We work with an unbalanced panel of companies drawn from the FAME database for the 

period 1998-200615. We exclude companies in agriculture, forestry, fishing, financial 

intermediation, insurance and pension funds, real estate activities, public administration and 

defence, education, health and social work, recreation and sporting activities and extra-territorial 

organizations, firms with significant merger and acquisition activities, as well as all firm-year 
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 The formal proof of Proposition 2 is available on request. 
15

 The FAME database provides data on company accounts, ratios, activities, ownership and management for the 

largest 2.8 million UK and Irish firms. 
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observations for which the variables of interest (accounts payable, bank loans, assets, sales and 

others) are missing. Our sample consists of 31 guarantees, 17 limited liability partnerships, 62 

unlimited companies, 15,125 private limited companies, 847 public, not quoted and 365 public, 

listed companies. During the time period of our sample, 15,197 companies remained active, 180 

were in receivership at some point, 202 were in liquidation and 868 companies were dissolved. Our 

sample consists of firms of all sizes and includes both publicly traded and privately held entities. 

Using data from Compustat and other databases comprised of publicly traded firms poses 

limitations and difficulties in the interpretation of the results pertaining to trade credit use 

suggested by our model
16

. 

Panel A of Table 1 contains the summary statistics for the companies in our sample. The table 

shows that the median firm in our sample has total assets of GBP7 million and is 18 years old. Note, 

however, that both the size and age distributions are skewed. The average firm has almost GBP99 

million in total assets and is almost 25 years old. The median firm in our sample has a trade debt 

payment period of about 31 days. The median firm's payables represent more than 15% of total 

assets and its receivables represent about 23% of total assets17. Account payables do not appear to 

exceed inventories, which suggests that the median firm in our sample uses trade credit primarily 

to finance its inventories. Bank loans and long term debt represent almost 14% and 9% of the 

median firm's total assets. Finally, cash holdings and operating profits are about 10% and 4% of 

total assets. 

                                                             
16

 In this paper we do not examine whether large and liquid firms provide relatively more trade credit to other 

firms in the economy. Instead we focus on the extent to which informationally opaque firms rely to supplier 

financing in order to signal their credit worthiness. 
17

 The positive average net trade credit position is due to trade credit extended to households and companies, 

which are not part of our sample. 
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Panel B of Table 1 reports summary statistics for the median firm when we split the sample 

by age and size
18

. The table shows that there is no significant difference in the payment behaviour 

of firms related to their age or size. This is consistent with the evidence in Ng et al (1999) that trade 

credit terms vary across industries but not across firm characteristics. The table shows that for 

young firm payables exceeds inventories, which suggests that for these firms trade credit has an 

additional role to that of financing inventories. Also, the young and small firms in our sample rely 

more heavily on trade credit and short term bank debt to finance their operations. Smaller firms 

extend more trade credit and have larger holdings of liquid assets. The summary statistics, 

reported, are not conditioned on firm characteristics
19

. We address this issue when we carry out 

the econometric analysis. Table 1 also shows the proportion of small and young firms in the 

sample. The extensive coverage of small and young companies in our sample is an important 

strength as we expect the predictions of the model to be particularly relevant for this segment of 

the corporate sector. 

We test Proposition 1 by analyzing the relationship between trade credit and bank loans for 

firms with high agency costs related to their creditworthiness. Table 2 describes the variables used 

in this study. The dependent variable is the ratio of short term bank loans (including overdrafts) to 

total assets
20

. We examine a set of variables where the accounts payable to total assets ratio is 

multiplied by a dummy variable related to the size, age, riskiness or legal status of the firm. 

Our controls include variables associated with firm characteristics that affect the level of 

funds borrowed from financial intermediaries. First, we consider variables that measure the 
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 We use a standard classification of small, medium and large firms in terms of the number of employees. 
19

 For example, the firm maybe operating in an industry with a longer production or cash cycle and therefore have 

higher levels of inventory and lower levels of liquid assets. 
20

 We estimate all models with a set of time dummies that control for common (firm-invariant) macroeconomic 

shocks. 
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informational opacity/transparency and firms' ability to raise external funds. We include size, 

measured by the logarithm of total assets and the logarithm of firm's age. We expect that the 

greater the opacity of smaller, younger firms, the stronger the reliance on trade credit and the 

lower the availability of conventional bank loans. 

Next, we include variables specific to bank loans provision. The level of firm's inventories is a 

proxy for the availability of collateral. In addition, the level of inventories indicates the intensity of 

sales transactions the firm undertakes. The higher is this intensity the higher is the amount of 

funds required to sustain this activity. Also, we include the operating profit to total asset ratio as 

firms with higher level of profits have higher repayment capacity. Further, the cash and cash 

equivalent to total asset ratio and the accounts receivable to total asset ratio are also included. 

Opler et al (1999) find that cash-rich firms have lower cash flows, are substantially smaller and are 

in industries with highly volatile cash flows. On the other hand, liquid assets can be viewed as a 

proxy for firms repayment capacity. Similarly, receivables can be interpreted as a type of liquid 

asset since firms can use them to raise cash by factoring or discounting. On the other hand, firms 

with lax trade credit terms and therefore high levels of accounts receivables will require higher 

level of short-term financing. We use the total debt to total asset ratio to control for firm leverage.  

 

4. Empirical Analysis 

Main Estimation Results 

The econometric analysis of our model addresses the problem of simultaneity of the decision 

to borrow from a financial intermediary and/or borrow from a supplier. Since both the amount 

borrowed via trade credit and the amount borrowed via bank loans are choice variables, they are 
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endogenous. This renders conventional panel data estimation methods such as OLS with fixed 

effects inappropriate. Antov (2006) shows that the endogeneity bias that arises in this context 

changes both the sign and size of the endogenous variable. Our empirical analysis uses difference 

GMM to account for endogeneity by instrumenting current levels of the endogenous variable with 

its lags. We use lags two and three of the endogenous variables as instruments to carry out the 

estimation procedure. 

Table 3 shows the results for the estimated coefficient of trade credit in a regression of bank 

loans on control variables, trade credit levels and trade credit levels interacted with dummies for 

size, age, riskiness and legal form
21

. The coefficient of payablesi,t-1 is negative and significant. We 

interpret this as evidence supporting the argument in Miwa and Ramseyer (2008). They point out 

that most firms borrow from both financial intermediaries and trade partners. They choose to do 

so because the price of both bank credit and supplier finance increases with the quantity 

borrowed. Firms simply equalize the costs of these two sources of funds at the margin. As it is well 

known, accounting data on trade debt with no matching counterparties do not allow one to 

completely disentangle demand and supply effects. We interpret our result as evidence that firms 

face upward sloping cost curves so their demand for one source of funds increases while the 

demand for the other decreases when they equalize the costs at the margin. 

The main estimation results are consistent with the predictions of our model. For small, 

young and risky firms there is a significant positive effect of increase in the level of trade credit on 

the level of bank loans. For example, for small firms, one standard deviation increase in the ratio of 

accounts payable to total assets implies a 2.6% increase in the ratio of bank debt to total assets, 
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 Time invariant firm or industry specific variables cannot be estimated in panel regressions with fixed effects. 
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which is large and economically significant relative to the mean of 15%. Similarly, for young firms, 

the increase is economically significant at 2.1%. There is no evidence, however, that the lack of 

access to public financial markets generates any differences in the demand for trade credit as the 

coefficient of listed∗ payablesi,t-1 is not significant at any conventional levels of significance. These 

findings support the predictions of our model that the effect is important only for firms with high 

agency costs. For smaller, younger and riskier firms, however, important complementarity exists 

between trade credit and intermediated finance.  

Our estimates of the coefficients of the control variables are in line with the results of 

previous studies in the area. All else equal, large and profitable firms have lower levels of short-

term bank loans whereas firms with high levels of inventories, cash holdings and receivables have 

higher levels of intermediated finance. Also short-term bank loans are decreasing with the degree 

of leverage. 

We consider several extensions of our main results. First, we evaluate the likely effect of late 

payment and financial distress on the main findings of the paper22. This provides a robustness 

check to the estimation results as for firms that have longer payables periods or are in financial 

distress we are able disentangle supply related motives associated with the level of trade credit 

and bank loans. Identifying the effect of late payment is a difficult task since data on contractual 

and effective credit periods for the firms in our sample are not available. According to Dun and 

Bradstreet (2000), the median contractual credit period for medium and large firms is between 30 

and 60 days. Also, they report that about 60% of bills are paid late normally within 15 days of the 

                                                             
22

 A related issue is the effect of early payment discount. Data availability, however, prevent us for investigating it. 

As a robustness check to our main results, we remove companies that have payables period of 10 days or less and 

re-estimate the model. The results remain the qualitatively the same. These are available from the corresponding 

author upon request. 
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end of the contractual period. There is evidence that smaller firms suffer disproportionately from 

payment delays (see Bank of England, 2000). Columns (1) and (2) of Table 4 shows the estimation 

results for the firms in our sample that remain active but have longer payables period23.  

Contractual payment periods and therefore late payments will vary across industries. We split the 

sample as follows: for each 2-digit SIC code we take the 90% percentile to form a subsample of 

firms that pay late. Alternatively, we re-estimate the model for all firms that have payables periods 

longer than 90 days. The table shows that the results are not materially different from our main 

results. This is consistent with the evidence in Cunat (2007) and Boissay (2006) that many suppliers 

continue to extend credit and supply goods to customers that pay late or have defaulted on their 

trade bills in the past. The option to pay late allows some firms to respond to short-term adverse 

liquidity shocks by passing them onto their suppliers. 

Next, we analyze the effect of financial distress. Columns (3) of Table 4 shows the results for 

the firms in the sample that have failed. We analyze data for these firms just before they enter into 

receivership, are dissolved or liquidated. We check for robustness using two different measures of 

financial distress that are popular in the literature. Asquith, Gertner and Scharstein (1994) consider 

a firm to be in financial distress if its coverage ratio is less than one in two consecutive years or it is 

less than 0.8 in any given year. Alternatively, Molina and Preve (2007) define a financially 

distressed firm as one which has three consecutive years of losses. These regressions are not 

reported as the estimation results are very similar. 

Table 4 shows that for firms in financial distress the relationship between trade credit and 

bank loans predicted by our model does not hold any more. The coefficients of trade credit 
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 This is not an entirely satisfactory way of analyzing the effect of late payment given the limitations of our 

dataset. Our results provide some tentative evidence but further research is require in this area. 
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interacted with the dummies for size, age, riskiness and legal form are not significant. In contrast to 

the estimation results of the sample of active firms, for companies facing financial distress size and 

profit have a significant positive effect on the level of bank loans. Also the coefficient of cash is 

bigger suggesting that the most important factor that determines the level of short term financing 

for the firms is their ability to repay their obligations. The very large positive coefficient of 

inventory is indicative of the fact that these firms lack alternative sources of financing such as 

internally generated funds. 

Time related issues regarding firms financing choice 

Next, we test Proposition 2 and explore some time related issues regarding firms financing 

choice. Figure 2 illustrates the key point of the proposition. The figure shows that for a young firm 

(age<10 years) with median sample characteristics, the proportion of trade credit over bank loans 

has gradually decreased in the last ten years. Table 5 shows the estimation results, when we 

regress the ratio of trade credit to bank loans on age and control variables for the firms in our 

sample. We include the first and second lag of the dependent variable in the regression. We use 

Arrelano-Bond first difference GMM estimation procedure. The estimation controls for 

contemporaneous endogeneity bias as well as for the bias created by the inclusion of the lags of 

the dependent variable. 

We note that there is a high degree of persistence over time in the ratio of trade credit to 

bank loans levels. The estimated parameter of age is negative although only weakly significant. 

Also, everything else equal, risky firms rely more on trade credit. These finding support Proposition 

2 of our model. As firms acquire reputation over time their reliance on trade credit relative to bank 

loans deceases. The coefficients of cash and inventory are large and positive as expected since 
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trade credit, inventories and cash related in the company's product/cash cycle. Profit is only weakly 

significant, whereas leverage, size and receivables do not appear to have a significant effect. 

Finally, the robustness is confirmed when we estimate pooled GMM regression with sector specific 

time trend24. 

 

5. Conclusions 

In this paper, we develop a theoretical framework to explain how firms choose to borrow in 

order to finance their short-term operating expenditures and report new empirical evidence 

consistent with our line of analysis. The model is based on a simple insight that trade credit may 

serve as a means of acquiring reputation. We expect that those firm characteristics linked to the 

degree of information opacity (size, age and riskiness) will be associated with companies that use 

more trade credit. Controlling for the endogeneity between trade credit and bank loans observed 

in the data, we present evidence that the relationship between trade credit and conventional loans 

is far more complicated than suggested by the existing research in the area. It is likely that the 

overall costs of borrowing and the extent of credit rationing are key factors determining whether 

trade credit and intermediated loans should be treated as complements or substitutes. In addition, 

our findings have important policy implications. Policies which emphasize the development of 

technologies that improve information provision, such as the valuation and monitoring of 

informationally opaque firms, might be more effective than the current policies of government 

credit guarantees. It would be interesting to explore more fully how information provision in the 

credit market will affect firms' borrowing prospects.  
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Table 1: Summary Statistics 

Summary statistics for 16,447 UK firms (1998-2006). 

Panel A mean median 1% 99% 

Total assets (million GBP) 98.6 7.0 0.3 1,380.0

Age (years) 24.9 18 1 101 

Days payable∗ 45.8 31.3 1.1 152.0 

Ratios (% of total assets)     

Accounts payable 19.8 15.4 0.3 72.6 

St bank debt (including overdrafts) 25.1 14.6 0.1 136.1 

Lt debt 19.4 9.0 0 1.2 

Inventory 20.3 15.7 0.1 81.2 

Accounts receivable 25.6 23.1 0.1 79.1 

Cash holdings 10.7 4.7 0 66.0 

Operating profits 4.0 5.3 -62.3 47.3 

Panel B Age Size 

Median firm <10 years ≥10 years Small Medium Large 

Total assets (million GBP) 5.7 7.5 2.9 6.9 336.6 

Days payable∗ 31.8 31.2 28.9 33.1 30.4 

Ratios (% of total assets)      

Accounts payable 16.5 15.1 15.1 16.5 13.8 

St bank debt (including overdrafts) 16.7 14.1 18.7 13.8 12.5 

Lt debt 14.0 7.6 6.9 8.5 11.8 

Inventory 13.9 16.3 19.3 15.7 12.6 

Accounts receivable 22.8 23.2 29.4 23.7 16.7 

Cash holdings 4.7 6.9 4.0 4.2 4.7 

Operating profits 5.4 5.3 5.4 5.1 5.7 

Number of firms 4,209 12,238 4,839 7,693 3,915 

*Days payable=[Accounts payable/Purchases]*365  
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Table 2: Variables used in the empirical analysis 

Variable Definition 

bank debt i,t-1 Short-term bank loans (including overdrafts) to total assets ratio 

payables i,t-1 Accounts payable to total assets ratio 

Interaction dummies  

small∗payables i,t-1 payables i,t-1 if small firm, 0 otherwise 

young∗payables i,t-1 payables i,t-1 if age<10, 0 otherwise 

low quality∗payables i,t-1 payables i,t-1 if Quiscore<40, 0 otherwise* 

listed∗payables i,t-1 payables i,t-1 if listed firm, 0 otherwise 

age i,t logarithm of the firm's age 

asset i,t-1 logarithm of total assets in the previous year 

profit i,t-1 Operating profit to total assets ratio 

cash i,t-1 Cash and cash equivalents to total assets ratio 

inventory i,t-1 Inventory to total assets ratio 

receivables i,t-1 Accounts receivables to total assets ratio 

leverage i,t-1 Total debt to total assets ratio 

*Quiscore is a measure, in the Fame database, of the likelihood of failure in the year following the data of calculation. The 

score is a number between 0 and 100 and the bands 0-20 (high risk band) and 21-40 (caution band) suggest significant risk 

of company failure. 

 

 

  

2006



28 

 

Table 3: Estimation results 

The endogenous variables are instrumented with lags two and three in a difference GMM estimation 

procedure. Standard errors robust to cluster effects are reported in parenthesis. The dependent 

variable is bank debti,t-1. 

Variable Parameter estimate 

payables i,t-1 -0.1891(0.0519)*** 

small∗payables i,t-1 0.1980(0.0174)*** 

young∗payables i,t-1 0.1810(0.0160)*** 

low quality∗payables i,t-1 0.1021(0.0077)*** 

listed∗payables i,t-1 0.0386(0.0539) 

age i,t 0.0376(0.0134)*** 

asset i,t-1 -0.1535(0.0039)*** 

profit i,t-1 -0.1367(0.0055)*** 

cash i,t-1 0.2398(0.0106)*** 

inventory i,t-1 0.2023(0.0167)*** 

receivables i,t-1 0.5404(0.0202)*** 

leverage i,t-1 -0.1008(0.0068)*** 
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Table 4: The effect of late payment and financial distress 

The endogenous variables are instrumented with lags two and three in a difference GMM estimation 

procedure. Standard errors robust to cluster effects are reported in parenthesis. The dependent 

variable is bank debti,t-1. (1) Model is estimated for firms with payables period in the top 10% of each 

2 digit SIC code. (2) Model is estimated for firms with payables period longer than 90 days. (3) Model 

is estimated for firms that have been dissolved, liquidated or are in receivership during the sample 

period. 

Variable Parameter estimate 

 (1) (2) (3) 

payables i,t-1 -0.0903(0.1458)*** -0.0651(0.0656)*** -0.2969(0.3970)** 

small∗payables i,t-1 0.1259(0.0576)** 0.0345(0.0164)** 0.1027(0.0922) 

young∗payables i,t-1 -0.0699(0.0576) 0.0269(0.0155)* 1.2423(1.3988) 

low quality∗payablesi,t-1 0.2627(0.0306)*** 0.0849(0.0084)*** 0.0480(0.0575) 

listed∗payables i,t-1 0.0889(0.2377) 0.1559(0.0626)** 0.1118(0.1013) 

age i,t 0.0207(0.0239) 0.0409(0.0171)** 0.0069(0.0055) 

asset i,t-1 -0.1630(0.0089)*** -0.1457(0.0072)*** 0.1287(0.02276)*** 

profit i,t-1 -0.1405(0.0119)*** -0.1177(0.0086)*** 0.2374(0.0311)*** 

cash i,t-1 0.2059(0.0185)*** 0.2623(0.0183)*** 0.3337(0.0751)*** 

inventory i,t-1 0.1476(0.0259)*** 0.1640(0.0233)*** 0.6637(0.1099)*** 

receivables i,t-1 0.5981(0.0313)*** 0.4703(0.0354)*** 0.5147(0.1409)*** 

leverage i,t-1 -0.1618(0.0124)*** -0.0889(0.0095)*** -0.2831(0.0399)*** 
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Table 5: Life cycle of firm financing 

A dynamic panel regression is estimated via an Arrelano-Bond GMM estimation procedure. Standard 

errors robust to cluster effects are reported in parenthesis. The dependent variable is payables/bank 

debti,t-1. 

Variable Parameter estimate 

payables/bank debt i,t-1 0.3271(0.0109)*** 

payables/bank debt i,t-1 0.0416(0.0079)*** 

age i,t -0.3099(0.1788)* 

low quality i,t 0.1532(0.6533)*** 

leverage i,t-1 0.9153(0.6440) 

asset i,t-1 -0.1866(0.2745) 

profit i,t-1 0.1014(0.6133)* 

cash i,t-1 0.1897(0.0899)*** 

inventory i,t-1 0.2533(0.1120)*** 

receivables i,t-1 0.3581(0.7764) 
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Figure 1: Dynamics of the entry and exit to the borrowing pool 
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Figure 2: Evolution of the ratio of accounts payable to institutional loans for a young firm with median 

sample characteristic: 1998-2006 
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Abstract 

This study employs stochastic frontier analysis to analyze Malaysian commercial banks 

during 1996-2002, and particularly focuses on determining the impact of Islamic banking 

on performance.  We derive both net and gross efficiency estimates, thereby 

demonstrating that differences in operating characteristics explain much of the difference 

in outputs between Malaysian banks. We also decompose productivity change into 

efficiency, technical, and scale change using a generalised Malmquist productivity index. 

On average, Malaysian banks experience mild decreasing return to scale and annual 

productivity change of 2.37 percent, with the latter driven primarily by technical change, 

which has declined over time.   Our gross efficiency estimates suggest that Islamic 

banking is associated with higher input requirements.  In addition, our productivity 

estimates indicate that the potential for full-fledged Islamic banks and conventional banks 

with Islamic banking operations to overcome the output disadvantages associated with 

Islamic banking are relatively limited.  Merged banks are found to have higher input usage 

and lower productivity change, suggesting that bank mergers have not contributed 

positively to bank performance.  Finally, our results suggest that while the East Asian 

financial crisis had an interim output-increasing effect in 1998, the crisis prompted a 

continuing negative impact on the output performance by increasing the volume of non-

performing loans.     

Key words: Output distance function, Stochastic frontier analysis, Malmquist 

productivity index, Islamic banking 
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1. Introduction 

This paper seeks to determine the relative efficiency of Malaysian banks as well as 

the determinants of their productivity performance, and will specifically concentrate on 

the relative performance of Islamic banks using an output-oriented distance function.  

More specifically, by obtaining estimates of net and gross efficiency for Malaysian 

commercial banks the study draws attention to the impact of operating characteristics, 

including loan quality, Islamic banking, foreign ownership, and the East Asian financial 

crisis on the relative outputs of Malaysian banks.  The gross efficiency estimates clearly 

highlight that during the chosen sample period of 1996-2002, Islamic banking 

performance appears to be associated with higher input usage.  Moreover, the estimates of 

productivity change, which are decomposed into efficiency change, technical change and 

scale change effects using a generalised parametric Malmquist Productivity Index also 

imply that full-fledged Islamic banks, in particular, have been unable to overcome these 

disadvantages.     

The remainder of this paper is organised as follows.  Section 2 provides a brief 

literature review focussing on the application of output-oriented distance functions in 

banking, and is followed by a description of the methodology in section 3 which includes 

data and the empirical specifications.  Section 4 reports on the results which are comprised 

of the output distance function estimates, net and gross efficiency estimates, returns to 

scale, average productivity change and its decomposition, and firm specific productivity 

change and its decomposition.  Section 5 ends the paper with some conclusions. 

 

2. Literature Review: Output-Oriented Distance Function In Banking 

Distance functions are increasingly employed as an alternative specification of 

production technologies, with increasing numbers of empirical applications being made in 

the efficiency and productivity literature.  Several techniques such as non-parametric DEA 

and parametric SFA have been applied to estimate distance functions (Cuesta and Zofío 

2005).  However, none of these distance function studies (e.g., Li, Hu, and Chiu. 2004; 

Cuesta and Zofío 2005) have analysed the relative efficiency of Islamic and conventional 

banks.   
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In defining bank output variables, the intermediation approach which has 

frequently been applied in previous efficiency studies involving Islamic and conventional 

banks (e.g., Al-Jarrah and Molyneux 2005; El-Gamal and Inanoglu 2005) is followed.  

This approach focuses on the role of a bank as an intermediary between savers 

(depositors) and investors of funds (borrowers) which is more consistent with the role of 

Islamic banks than considering them to be producers of loans and services.  This paper 

will therefore measure the efficiency of conventional and Islamic banks using an output 

distance function and define bank outputs using the intermediation approach.   

The average efficiency scores obtained in previous bank efficiency studies that 

have employed an output-oriented distance function (e.g. English, Grosskopf, Hayes, and 

Yaisawarng 1993; Adams, Berger, and Sickles 1999; Iqbal, Ramaswamy, and Akhigbe 

1999; Cuesta and Orea 2002; Li, et al. 2004; Cuesta and Zofío 2005) are in the range of 54 

to 95 percent.  With regard to returns to scale, on average, banks are found to have 

experienced moderate increasing returns to scale (Li, et al. 2004; Cuesta and Zofío 2005).  

Furthermore, the efficiency of merged banks has been found to be lower than that of 

unmerged banks (Cuesta and Orea 2002), and mixed private and public ownership is the 

most efficient organisational structure compared to publicly-owned or privately-owned 

banks (Li, et al. 2004).  Larger banks are also found to be more efficient relative to  

smaller banks (English, et al. 1993).  With regard to the East Asian financial crisis, banks 

in Taiwan are found to perform worse in the post-crisis period (Li, et al. 2004).  However, 

it is important to note that these studies do not control for differences in operating 

environment in the frontier estimation.  They instead, made comparisons between the 

efficiency estimates of banks with different operating characteristics, only after estimating 

efficiency with a common frontier.  In contrast, Rezitis (2007) has controlled for 

differences in operating characteristics such as mergers and bank effects in  the frontier 

estimation, and simultaneously assumed that these factors as well as branches, market 

share, market concentration and year dummy variables directly influence inefficiency.  

The current model will therefore, control for differences in operating characteristics in 

frontier estimation and will also quantify the impact of these differences on the efficient 

frontier.  

While some studies (English, et al. 1993; Iqbal, et al. 1999) employ a deterministic 

output distance function which does not have a stochastic term to control for random 
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disturbances, it is believed that this approach is very sensitive to measurement error (Resti 

1997) which can be better accounted for with a stochastic frontier approach.  The model in 

this paper will therefore employ a stochastic output distance function which will separate 

inefficiency from random error.  Assuming different bank types have different technology, 

Iqbal et al (1999) estimated separate frontiers for two different types of banks and 

compared their efficiency scores.  This technique however, is subject to criticism because 

comparison of efficiency could only be made if all the banks have access to the same 

frontier (Mester 1996), and this approach assumes two separate frontiers.  The current 

model will therefore estimate a common frontier for all banks, but will control for 

different types of banks in the frontier estimation using a dummy variable. 

The previous literature has also applied Malmquist index to decompose bank 

productivity using a parametric output distance function.  Using this approach, Chaffai, 

Dietsch, and Lozano-Vivas (2001) concluded that the existence of productivity gaps 

between banking industries in different countries are mainly due to environmental 

conditions rather than banking technologies.  Focussing only on Spanish banks, Orea 

(2002) decomposed productivity growth into efficiency change, technical change and 

scale change using a generalised parametric Malmquist Productivity Index, and found that 

production growth is mainly determined by technical change and modest scale effects.  

The authors also found slower growth for merged banks relative to their unmerged 

counterparts.  Olgu (2006) employed both Orea (2002)’s generalised parametric 

Malmquist Productivity Index and a generalised non-parametric Malmquist index, to 

decompose productivity growth of banks in developed and accession countries within the 

Euro zone.  The authors conclude that the latter banks are on average performing better.  

Rezitis (2007) also employs Orea’s approach, and found that merged banks have lower 

productivity change as compared to unmerged counterparts due to increased technical 

inefficiency and the disappearance of economies of scale in Greece.  Given these 

precedents, the below model will also employ Orea’s (2002) generalised parametric 

Malmquist Total Factor Productivity (TFP) Index to analyse the determinants of 

productivity change in Malaysian banking with particular focus on the relative 

performance of Islamic banks compared to conventional banks. 

Based on the literature review, it can be concluded that a limited number of 

previous bank efficiency studies have employed parametric output distance functions and 
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a parametric generalised Malmquist Productivity Index and none of them have considered 

the efficiency and productivity of Islamic banks.  Moreover, only one study (Rezitis 

2007), has controlled for different operating characteristics in the frontier estimation.  

Therefore, in most of the studies (e.g., Cuesta and Orea 2002; Li, et al. 2004; Cuesta and 

Zofío 2005) factors such as organisational structure, mergers and economic conditions are 

assumed to not affect potential efficient output.  However, in practice, it is often unclear 

whether differences in operating characteristics influence the frontier or directly influence 

inefficiency.  If the former effect dominates, netting out the impact of environmental 

factors is more appropriate and would be necessary to determine a bank’s managerial 

efficiency.  In contrast, if the latter effect dominates one should quantify the impact of 

differences in operating characteristics on bank efficiency and therefore employ a gross 

efficiency measure.  By employing a method proposed by Coelli, et al. (1999), this paper 

provides estimates of both gross and net efficiency so that the authors can better analyse 

the relative impact of these operating characteristics on the output of Malaysian banks.   

 

 

3. Methodology 

3.1 Output-oriented Distance Functions 

Distance functions can be applied to describe multi-input, multi-output production 

processes without having to specify strong behavioural objectives such as profit 

maximization or cost minimisation.  An output-oriented efficiency measure compares the 

observed level of output with the maximum output that could be produced with given 

inputs.  A production technology that transforms inputs into outputs can be represented by 

the technology set, which is the technically feasible combination of inputs and outputs  

(Fare and Primont 1995; Coelli, Rao, and Battese 1998; Cuesta and Orea 2002).  If the 

vector of K inputs, indexed by k is denoted by X=(X1,X2,…,XK) and the vector of M 

outputs, indexed by m , is denoted by Y=(Y1,Y2,…,YM), the technology set can be defined 

as: 

 

 YproducecanXRYRXYXT MK ,,:),                                                1                                               
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Where KR  and MR  are the sets of non-negative, real K and M-tuples respectively.  For 

each input vector, X, let P(X) be the set of producible output vectors, Y, that are 

obtainable from the input vector X: 

 

  .),:)( TYXYXP                                                                                          2 

 

The output distance function can then be defined in terms of the output set, P(X) as:  

 

  .)(:0.min,
















 XP

Y
YXDo


                                                                 3 

 

The output distance function is non-decreasing, positively linearly homogeneous and 

increasing in Y, and decreasing in X, and defined as the maximum feasible expansion of                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                  

the output vector given the input vector (Cuesta and Orea 2002).  Figure 1 illustrates the 

concept of an output distance function with two outputs and a given input vector, X.  The 

production possibility set is the area bounded by the production possibility frontier (PPF), 

which indicates the maximum feasible output given X, and the Y1 and Y2 axes.  If the 

output vector, Y, is an element of the feasible production set, P(X), Do(X,Y) 1.  For 

firms such as B and C in Figure 1 which produce on the PPF, D0(X,Y) = 1 , thereby 

indicating technical efficiency.  In contrast, for a firm operating at A, D0(X,Y) 

=
OB

OA
 <1, thereby indicating the proportion by which output is below potential output.   

 

  Insert Figure 1 about here 

 

This also illustrates that Farrell (1957)’s output-oriented measure of technical 

efficiency, defined as the maximum producible radial expansion of the output vector, can 

be represented as: 

 

 Y)(X,DOE 0/10                                                                        4 
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0OE  lies between one and infinity and increases with inefficiency.  If Y is located on the 

outer boundary of the production possibility set, 10 OE , indicating efficiency.  In 

contrast, if Y is in the interior of the production possibility set, 10 OE  indicating 

inefficiency.  

 

3.2 The econometric specification 

Following Fare and Primont (1995) and Cuesta and Orea (2002), but also allowing 

for exogenous factors, the general form of a stochastic output distance function can be 

shown as follows: 

 

    tntntntno hZXYD ,,,, ,,,1                                                                            5 

 

where    tntntn vuh ,,, exp  , Y n,t is a vector of outputs, X n,t is an input vector, Z n,t is an 

exogenous factor vector and β is a vector of parameters.  Inefficiency is accommodated in 

the specification of  .h  as εn,t is a composed error term comprised of tnv ,  which 

represents random uncontrollable error that affects the n-th firm at time t, and tnu , , which 

is assumed to be attributable to technical inefficiency.   

In order to facilitate estimation, the authors follow the standard practice of 

imposing homogeneity of degree one in outputs on the distance function, which implies 

that     0,,,,,   YXZDYXZD oo .  By arbitrarily choosing the M-th output, the 

authors can then defines  
MY

1
   and write: 
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From Equation 5 and after assuming  .......,, ,,,,1,,,,,2,,,,1

*

, tnMtnMtnMtntnMtntn YYYYYYY    and 

rearranging terms yields the general form: 

                                                                                              

   tntntntno

tnM
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,,,
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                                                                      7 

 

Finally after assuming the standard translog functional form
1
 to represent the technology, 

the output distance can be represented as:     
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      8  

 

where, Y
*
m,n,t = Y m,n,t / YM,n,t, k=1,2,..K and s=1,2,..K are indices for inputs; m=1,2,…M 

and j=1,2,..M are indices for output; h=1,2,…H is an index for environmental variables, 

and the Greek letters (except v and u) represent unknown parameters to be estimated.  

Standard symmetry is imposed to the second order parameters:  kssk ,,
  and 

mjjm ,,
  

in Equation 8.  vn,t is assumed to be normally distributed with zero mean and variance, 2

v .  

un,t ≥ 0 is drawn from a one-sided distribution and can be assumed to be drawn from one 

of four possible distributions, which are the exponential, half-normal, truncated-normal or 

the gamma distribution.  Similar to some studies, un,t is assumed to follow a normal 

distribution with zero mean and variance, 2

u  (e.g. Berger and Mester 1997; Mertens and 

Urga 2001; Kasman 2005).  Given this assumption, the approach of Jondrow, Lovell, 

                                                 
1
 In the literature, the translog function is preferred in estimating a parametric distance function because it is 

flexible, easy to calculate and permits the imposition of homogeneity (Fuentes, Grifell-Tatjé, and Perelman 

2001).   
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Materov, and Schmidt (1982) is followed to derive the log likelihood which is expressed 

in terms of the two variance parameters,  
222
uv

  and 
222

/
uvu

 .  The 

parameters in the translog function as defined in Equation 8 as well as 
2  and  are 

estimated using maximum likelihood estimation (MLE) techniques. 

Following from Equation 5, and given current model assumptions, an estimate of 

output distance can be derived as   )exp(,,, ,,,  tntntno ZXYD .  Equivalently an 

estimate of Farrell output oriented efficiency is obtainable as: 

 

             
)exp(

,,, ,,,
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                                                              9 

 

However, as tnOE ,  relies on the unobservable inefficiency, un,t,, the authors follow the 

approach of Jondrow, et al. (1982) and employ the conditional expectation of un,t given the 

observed value of overall composed error term, εn,t which can be expressed as: 
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where,   21  A ,  (.) is the standard normal density function and  (.) is the 

standard normal cumulative distribution function. 

With SFA, it is effectively assumed that firms operate with the same production 

technology.  It is therefore necessary to control for differences in characteristics and the 

operating environment that may influence the efficient level of output.  Failure to account 

for differences between bank groups may yield inappropriate conclusions about a bank’s 

performance (Bos and Kool 2006; Bos, Koetter, Kolari, and Kool 2008).  Environmental 

variables are therefore often included directly in the estimated distance function to control 

for these differences.  However, the resulting efficiency scores must be carefully 

interpreted as estimates of net efficiency after accounting for the impact of environmental 

influences on potential output.  Therefore, tnOE ,  provides estimates of efficiency net of 
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the impact of the environmental Z factors on efficient output.  Stated differently, tnOE ,  

estimates efficiency after allowing for differences in potential output that can be attributed 

to differences in the included environmental variables, and should therefore be interpreted 

as a net efficiency estimate (Coelli, et al. 1999).   

As far as the authors are aware of, no previous output distance function studies in 

the banking literature have included environmental variables, but a number of cost 

function studies have included regressors such as bank location and branch banking 

limitations (Berger and DeYoung 1997), the number of branches, and merger controls 

(Lozano-Vivas 1998).  Although this approach is quite common in the literature, the 

authors would argue that its suitability is dependent on the assumption that the included 

environmental variables are factors which only directly influence the production 

technology, and hence potential output.  On the other hand, if some or all of the included 

environmental factors have a more direct influence on firm efficiency, net efficiency 

( tnOE , ) will give a biased measure of managerial efficiency, because it nets out the impact 

of such characteristics.  This therefore implies that the common exercise of reporting 

efficiency scores after including factors such private or foreign ownership directly in the 

function is likely to result in biased measures of efficiency if these factors are associated 

more with differences in efficiency rather than differences in production technology.   

As the current study includes several Z factors, such as foreign ownership and a 

dummy for Islamic banks, which could be argued to have a greater direct influence on 

inefficiency rather than the location of the efficient frontier, the authors will investigate 

the potential implications of this on the efficiency scores.  The approach of Coelli, et al 

(1999) is therefore employed to generate alternative gross efficiency  tnGE ,  estimates.    

In order to do this, the authors first identify the observation with the most favorable 

operating characteristics given the estimated parameters.  This observation will have the 

minimum value of 











H

h
tnhh Z

1
,, , which will be referred to as 












H

h
tnhh ZMin

1
,, .  If it is 

assumed that other firms face this most favoured operating environment, rather than their 

own, the authors can estimate a predicted efficient output for firms under the assumption 

that all firms face this most favoured operating environment.   
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As the observation used for this purpose, 










H

h
tnhh ZMin

1
,,  is the observation 

with the most extreme observed  










H

h
tnhh Z

1
,,  value, it functions as a benchmark for the 

hypothetical firm that benefits from the most favorable environmental conditions.  This is 

because the firm with 










H

h
tnhh ZMin

1
,, , faces the most favorable operating environment 

basedon the model’s parameters, and this is regardless of the sign of the   parameter.    

This generates an adjusted estimate of the deviation of a firm’s actual output from 

frontier output, which can be expressed as: 
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Measures of the firm’s gross inefficiency Gross

tn, can then be derived by substituting 
Gross

tn,  

for 
tn,  in Equation 10, yielding: 

 

     )exp( ,,

Gross

tntnGE                                                                                         12 

 

Because  tnGE ,  is computed under the assumption that a firm faces the most favourable 

operating environment, differences in operating environment as well as differences in net 

efficiency will be reflected as differences in tnGE , .  This is not the case with tnOE , , which 

by definition nets out the impact of differences in operating environment  (Coelli, et al. 

1999).  It would be inappropriate to assess relative managerial performance with tnGE ,  if 

all the exogenous factors only influenced the production technology.  Nevertheless, if it 

can be argued that some or all of these factors have an influence on expected managerial 

efficiency, tnGE ,  will better attribute differences in measured efficiency to differences in 

these factors. 
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Given the estimated model, estimated scale elasticity can be calculated as the 

negative of the sum of the input elasticities (Cuesta and Orea 2002): 

 

 

 




K

k tnk

tnktnmo

tn
X

XYD
SCALE

1 ,,

,,,,

,
ln

,ln
                                                                   13 

 

If 1, tnSCALE , a bank is operating with increasing returns to scale (IRS).  If 

1, tnSCALE , there is decreasing returns to scale (DRS) and constant returns to scale 

(CRS) are present if 1, tnSCALE .     

 Malmquist productivity indices are commonly used in the literature because they 

require neither price information nor restrictive behavioural assumptions such as cost 

minimization or profit maximization.  Moreover, they can be readily employed to isolate 

efficiency change from technical change (Färe, Grosskopf, Norris, and Zhang 1994; 

Grifell-Tatje and Lovell 1995; Isik and Hassan 2003).  However, as Caves, Christensen, 

and Diewert (1982) prove, the parametric Mamquist index will give a biased estimate of 

TFPC, that excludes the impact of scale changes, unless firms operate with CRS.  Orea’s 

(2002) generalised Malmquist Productivity Index provides a solution to this issue by 

adding a  scale term (which, vanishes under CRS) to the Malmquist Productivity Index, 

thus providing a theoretically unbiased measure of TFPC.  Therefore, Orea (2002)’s 

approach extends the standard Malmquist Productivity Index which captures only the 

impact of technical efficiency change (TEC) and technical change (TC), by further 

allowing for the impact of scale change effects (SCE) on productivity change.  The 

authors therefore employ previously estimated output distance function and inefficiency 

estimates to calculate TFPC and decompose it such that,  SCETCTECTFPC  .  

Thus, for any given periods t and t+1, a generalised output-oriented Malmquist 

Productivity Index can be expressed as: 
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where;               
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The first term on the right hand side of Equation 14 is TEC, which measures the 

contribution of efficiency change to productivity.  The second term is TC, which measure 

the contribution of technical change.  The final term is SCE, which measures the 

contribution of changes in scale to productivity change.  With IRS (DRS), increases in 

scale result in increased (decreased) productivity, while under CRS, this final term, SCE 

vanishes and TFPC is equivalent to a standard Malmquist Productivity Index.   

   

3.3 The data and empirical specifications 

Similar to Cuesta and Orea (2002), the intermediation approach is employed to 

define bank output, as it is the most suitable with the concept of Islamic banking.  The 

selection of the input and output variables follows the existing literature (e.g., Iqbal, et al. 

1999; Cuesta and Orea 2002; Cuesta and Zofío 2005).  The outputs are loans (Y1) and total 

other earning assets (Y2), and the inputs are labour (X1), deposits (X2), and capital (fixed 

assets) (X3).  X1 is the number of full time workers, X2 is total deposits including customer 

funding and short term funding, and X3 is the total expenses on fixed assets allocated for 

all furniture, equipment, and bank premises, including depreciation, and administration 

and general expenses.  It is noted that linear homogeneity in outputs is imposed using Y2 

as a numeraire and these variables have been mean-corrected prior to estimation.  Table 1 

provides a summary of descriptive statistics of these variables and the explanatory 

variables for all banks in the sample.  All monetary variables are expressed in MYR and in 

real 2000 terms by deflating with the Malaysian GDP deflator index.  
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The first operating environment variable is loan quality (Z1), as proxied by the 

ratio of the NPLs-to-total loans (e.g., Clark 1996; Mester 1996; Berger and Mester 1997; 

Girardone, Molyneux, and Gardener 2004; Williams and Nguyen 2005).  If output quality 

is not controlled for, unmeasured differences in loan quality that are not captured by 

banking data may be mistakenly measured as inefficiency (Berger and Mester 1997).  This 

is because banks with better loan quality may appear inefficient as they use more labour 

and capital to monitor loans (Mester 1996).  Moreover, as the East Asian financial crisis 

caused banks’ NPL to rise during the sample period, this negative economic shock would 

have caused some banks extra expenses to recover defaulted loans and related 

administration costs (Berger and DeYoung 1997).  Therefore, a positive coefficient is 

expected for this quality variable, indicating that banks with higher NPL-to-loans (lower 

loan quality) produce lower output.   

The rest of the environmental variables are dummy variables that are designed to 

capture potential differences in bank characteristics and operating environment that may 

influence bank output.  These environmental variables may capture either legitimate 

output changes or inefficiency, depending on the assumption with regard to whether these 

variables directly influence the production technology or more directly influence firm 

efficiency.  Thus, the dummy variable indicating full-fledged Islamic banks (Z2) is to 

control for the potential impact of full-fledged Islamic banking on bank output.  No a 

priori assumption is made due to mixed results in the literature on the direction of these 

effects (e.g., Al-Jarrah and Molyneux 2005; El-Gamal and Inanoglu 2005; Mokhtar, 

Abdullah, and Al-Habshi 2006).  

The model also includes a dummy variable for foreign banks (Z3), foreign banks 

with IBS (Z4) and all banks with IBS (Z9), leaving conventional domestic banks without 

IBS as the base case measured in the constant, where banks with IBS are conventional 

banks offering Islamic banking products through a separate Islamic banking window.  

When predicting the expected impact of these dummy variables on efficient output, it is 

noted that relative to domestic banks, foreign banks have better access to multinational 

clients and priority access to technology from their parent banks (Berger, Clarke, Cull, 

Klapper, and Udell 2005).  Moreover, in the literature, foreign owned banks are found to 

be more efficient relative to domestic banks in Malaysia (Matthews and Ismail 2006; 

Mokhtar, et al. 2006) and other countries (Bhattacharyya, Lovell, and Sahay 1997; Sturm 
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and Williams 2004; Bonin, Hasan, and Wachtel 2005; Berger, Hasan, and Zhou 2008) but 

not in the USA (Mahajan, Rangan, and Zardkoohi 1996; Chang, Hasan, and Hunter 1998).  

Hence, the foreign-owned dummy (Z3) is expected to have a negative coefficient 

indicating higher potential output.   

Considering banks operating IBS windows, there is a less straight forward 

expected relationship.  The provision of IBS windows may increase efficient output by 

allowing a bank to tap additional market segments with its existing workers and facilities.  

However, higher input requirements may be associated with Islamic financing and/ or the 

need to maintain strict financial separation between Islamic and non-Islamic operations.  

Therefore, the uncertainty with regard to the likely impact of IBS banking services on 

efficient output implies that the authors cannot a priori predict the sign of the coefficients 

for the Z4 and Z9 variables.      

 

    Insert Table 1 about here 

 

A dummy variable for observations in 1998 is included to control for the East 

Asian financial crisis (Z5).  The financial crisis started to affect the Malaysian banking 

sector in the third quarter of 1997 when a small decline in credit expansion occurred.  

However, previous good macroeconomic performance and the persistence pace of credit 

expansion before the crisis contributed to overall bank loan growth that remained strong in 

1998.  In reaction to the financial crisis, banks reduced a large number of employees and 

reduced other expenses drastically at the end of 1997 and throughout 1998 (Central Bank 

of Malaysia 1997, 1998, 1999).  Interest rates, which were initially increased at the end of 

1997 and in the first half of 1998 to support MYR exchange rates in order to discourage 

capital outflows, were subsequently reduced in the third quarter of 1998 to support the 

economic recovery plan.  Other government actions to support consistent bank loan 

growth included a government general guarantee of deposits, a reduction of reserve 

requirements, several prudential measures such as accelerating non-performing, doubtful 

and bad loans classifications, frequent and detailed reports on NPLs, and intensified 

central bank monitoring of banks.  Furthermore, the government established a public 

company (Danaharta) for purchasing NPLs from banking institutions to ensure that the 

NPLs of the banking system were under control and to reduce the burden of the banking 
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institutions in managing the NPLs, and established a central bank owned company 

(Danamodal) to inject new capital in undercapitalized banks.  Selected NPLs were 

restructured by the Corporate Debt Restructuring Committee (CDRC), which then 

exempted them from NPL classification.  The CDRC was a facilitator in bringing creditors 

and debtors to the negotiating table and in sorting out an agreeable and workable loan 

restructuring exercise as an alternative option to companies filing for bankruptcy.  Some 

cases had been transferred to Danaharta (Lindgren, Balino, Enoch, Gulde, Quintyn, and 

Teo 1999; Ariff, Setapa, and Lin 2001).  As a result of these actions, much of the effect of 

the financial crisis was concentrated in 1998 as demonstrated by Malaysian GDP growth, 

which was respectively 7.3, -7.4, and 6.1 percent in 1997, 1998 and 1999 (Ministry of 

Finance Malaysia 1999).  Given that overall bank loan growth remained strong in 1998, it 

is expected that the relationship of raised output and the financial crisis (Z5) to occur in 

1998 when banks duality reduction in the operating inputs and deposits take place.
2
  The 

reduction in the operating inputs is a result of the elimination of a large number of workers 

as well as cutting other expenses, and the drop in the deposits is due to a decline in interest 

rates. 

Finally, given that some banks have gone through mergers, one can control for this 

effect by using a merger dummy variable (Z10).  However, as it is found that this dummy 

for all merged banks is not statistically significant, the authors also test for the  potential 

effects of individual mergers, finding that the dummy is significant for 3 individual 

mergers, merger 1 (Z6), merger 2 (Z7) and merger 3 (Z8).
3
  These dummy variables are 

expected to have a positive coefficient indicating lower output because merged banks need 

some time for system integration and personnel integration (Peristani 1997; Rhoades 

1998; Sherman and Rupert 2006).     

   

 

 

 

                                                 
2
 Dummy variables for 1996, 1997, all post-crisis years, as well as individual dummy variables  for each of 

the years after 1998 were tested but were found to be statistically insignificant.   It is noted that the increase 

in bad loans that was associated with the crisis are controlled for with the Z1 variable.         
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                       

 
3
 Merger 1, 2, 3 refer to mergers between Oriental Bank and EON Bank, between Chung Khiaw Bank and 

UOB Bank, and between International Bank Malaysia, Sabah Bank and Multi-Purpose Bank respectively.            
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4. Results 

4.1 The output distance function estimates 

The estimated output distance function parameters are reported in Table 2.    All 

models have the same inputs and outputs but different environmental variables.  Model A 

includes the first nine environmental variables (Z1-Z9), described earlier, while Model B 

excludes the banks with IBS (Z9) dummy variable, which is insignificant in Model A.  As 

the log likelihood ratio test for the inclusion of (Z9) is 0.02, the null hypothesis that this 

parameter is insignificant cannot be rejected, and as it is preferred, the following 

discussion will be limited to Model B.  However, it is noted that as conventional domestic 

banks without IBS windows are the base case in Model A, this result suggest that, ceteris 

paribus, no statistically significant difference in efficient output can be identified for the 

group made up of conventional domestic banks with IBS and domestic banks without IBS.   

Finally, Model C is included solely to illustrate the statistical insignificance of the 

aggregate merger dummy (Z10).  This finding is consistent with Berger and Humphrey 

(1997), which noted that some mergers improve cost efficiency whereas others worsen it.  

Recalling that 
222

/
uvu

 , the highly significant estimate of 0.826 for this parameter 

suggests that the portion of technical inefficiency in total variance is high.  Thus, the 

estimated deviation from the frontier is mainly due to inefficiency rather than statistical 

noise.  The estimated coefficients of all variables have the expected signs.  Loan quality 

(ζ1) is positive as predicted, and indicates that lower output quality (higher NPL-to-loan 

ratio) reduces output, thereby reflecting the higher input requirement needed to monitor 

default loans.   

 Moreover, as the NPL-to-loan ratio increases significantly from 6 to 17 percent for 

the average bank between 1997-1999, the results suggest that outputs decrease by 4.3 

percent on the efficient frontier for the hypothetical average bank because of the effects of 

the East Asian financial crisis on bad loans.  Furthermore, as the NPL-to-loan ratio 

remained stable at approximately 16 percent after 1999, this decline in output that could 

be due to the impact of financial crisis on non-performing loans is still relevant until the 

end of the sample period.  

The positive estimate for ζ2 implies that full-fledged Islamic banks are found to 

have outputs that ceteris paribus are 6.6 percent lower than other banks and this may be 

due to constrained opportunities in terms of investments and limited expertise in Islamic 
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banking.  The coefficient for foreign-owned banks is negative, indicating that output 

increases by 14.0 percent relative to domestic banks.  However, foreign-owned banks with 

IBS (Z4) are found to have potential output that is 11.8 percent lower than foreign banks 

without IBS.  The coefficient for the financial crisis dummy variable (Z5) is negative, 

indicating that output increased by 2.7 percent in 1998 after controlling for other variables.  

This finding is consistent with the reactions of banks towards the financial crisis, which 

was to lay off substantial number of workers and to cut other operating expenses.  The 

individual mergers (Z6, Z7, Z8) are found to be associated with output that is 8.3 percent, 

9.7 percent and 6.3 percent lower respectively, after controlling for other variables.   

 

    Insert Table 2 about here 

 

4.2 Net and Gross Efficiency Estimates 

 Table 3 and 4 respectively provide estimated net and gross efficiency for Model B.  

As expected, given earlier theoretical discussion, average net efficiency is higher than 

average gross efficiency.  Thus, net efficiency of Malaysian commercial banks is on 

average 1.055, and ranges from 1.011 to 1.220, hence on average,  banks only produce 

94.8 percent
4
 of the output they could produce if they operated on the efficient frontier.  In 

contrast, average gross efficiency is 1.215, thus signifying that the outputs of the average 

bank are only 82.3 percent
5
 of what they could be if they operated on the frontier defined 

by the most favourable operating environment.  In addition, the gross efficiency estimates 

range from 1.014 to 1.445.  Hence, while the net efficiency scores demonstrate that while 

there is comparatively little variation in estimated efficiency once differences in the 

environmental variables are controlled for, the gross efficiency scores suggest that 

substantial differences in outputs can in fact be attributed to differences in operating 

environment.   

 Table 3 and 4 also demonstrate that the yearly average and the range of the 

efficiency scores, has risen for both net and gross efficiency.  The trends in net efficiency 

imply a deteriorating in average efficiency over the sample period, but also the existence 

of a group of banks that were steadily deviating from the output frontier.  Hence, average 

                                                 
4
 OE=(1/ 1.055)100 

5
 GE=(1/ 1.215)100 
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net efficiency worsened from 1.042 in 1996 to 1.060 in 2002 and the maximum net 

efficiency score deteriorated from 1.104 in 1996 to 1.211 in 2002.   

 Table 3 also shows that after netting out the impact of environmental factors, the 

efficiency estimates of different bank categories unfailingly cluster around the overall 

mean, with a minimum group average of 1.04 for merged banks with IBS and a maximum 

group average of 1.062 for foreign banks without IBS.  Hence, once the impact of 

operating characteristics on estimated outputs is netted out, there is little further difference 

in estimated efficiency across the identified categories.  In other words, if efficiency is 

judged against an efficient frontier, which for example, allows full-fledged Islamic banks 

to have 6.6 percent lower output and requires foreign banks without IBS to have 14 

percent higher outputs, it should be expected that the resulting net efficiency scores 

exhibit small difference across these groups.   

    

Insert Table 3 about here 

 

 On the contrary, because the gross efficiency estimates reported in Table 4 

incorporate the impact of net efficiency as well that of unfavourable operating 

characteristics, they produce substantial information related to the main determinant of 

variation in the input requirements of banks across the various identified categories.  

Furthermore, these differences are largely consistent with the preceding explanation of the 

output impacts for the related dummy variables in Table 2.  Hence, while the average 

gross efficiency score is 1.215 for all banks, foreign banks have average gross efficiency 

of 1.161, indicating relatively higher outputs for these banks.  Likewise, the poorer 

average gross efficiency estimates for merged banks (1.238) versus unmerged banks 

(1.210) imply that the merger activities in Malaysian banking may have played a part in 

reducing bank outputs.   

 

   Insert Table 4 about here 

 Concentrating on Islamic banking, full-fledged Islamic banks have average gross 

efficiency equal to 1.311, hence clearly suggesting that full-fledged Islamic banking can 

be linked with higher input requirements.  Furthermore, the group of all conventional 

banks without IBS have average gross efficiency of 1.152, while those with Islamic 
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banking windows have higher input requirements as demonstrated by deteriorating gross 

efficiency (1.236).
6

  Thus, after the influence of operating characteristics on input 

requirements is allowed for, these findings suggest an obvious order with pure 

conventional banks showing the best output performance, followed by conventional banks 

that operate IBS windows, and finally full-fledged Islamic banks with the worst output 

performance.   

 Focussing on the impact of the East Asian financial crisis, there is a similarity in 

the net and gross efficiency estimates as they respectively deteriorated from 1.042 and 

1.163 in 1996 to 1.061 and 1.207 in 1997.  Moreover, this deterioration in average 

estimated efficiency is observed across categories.  Nonetheless, efficiencies improved in 

1998.  This demonstrates that despite current findings that there was not a statistically 

significant impact of the financial crisis in 1997 as identified by a dummy variable for that 

year, the net and gross efficiency estimates suggest there may still been a detrimental 

impact  in 1997.
7
    

Lastly, focussing on the general trend in gross efficiency, the average estimates 

demonstrate that average gross efficiency improved marginally from 1.207 in 1997 to 

1.200 in 1998, and this improvement in average estimated gross efficiency is noted across 

all categories.  Nevertheless, average gross efficiency rose to 1.235 in 1999 and remained 

close to this level until 2002.  Hence, the findings suggest a transitory improvement in 

general output performance in 1998 followed by a sustained decline in output 

performance.  These results can be interpreted as manifesting the double impact of the 

financial crisis on output efficiency.  Thus, the prolonged deterioration in gross efficiency 

after 1998 reflects the sustained increase in NPLs and the resulting increase in input 

requirements discussed earlier.  On the contrary, the interim improvement in gross 

efficiency in 1998 reflects an immediate but temporary reaction to the financial crisis 

which can be attributed to a decrease in input usage as a result of the elimination of a large 

                                                 
6
 It s noted that higher input requirements as reflected by higher average gross efficiency estimates for IBS 

banks are also observed within the domestic banks, foreign banks, merged banks and unmerged banks 

categories, thereby supporting this conclusion.  However, the difference is marginal within the domestic 

bank category, consistent with the finding regarding the statistical insignificance of the Z9 variable. 
7
 High interest rates at the end of 1997 as the Malaysian government tried to reduce capital outflows, 

contributed to a decline in credit growth from an annual average of 30 percent to 26.5 percent at the end of 

1997 (Lindgren, et al. 1999).  Given the relative small size of this effect, this may explain for insignificant 

year 1997 dummy when tested in the model.
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number of workers, cuts in other operating expenses, and declines in interest rates.
8
  On 

the other hand, in the long run, it is obvious that deterioration in loan quality, which can 

be attributed to the financial crisis, has had a considerable negative impact on potential 

output in the Malaysian banking sector.   

 

4.3 Returns to Scale  

Table 5 shows firm specific return to scale estimates for all banks and by bank 

category.  The average estimated return to scale is 0.990, thereby indicating the presence 

of mild decreasing return to scale.  The range of estimated returns to scale is between 

0.856 and 1.092, and is consistent with the previous output-oriented literature (e.g., Cuesta 

and Orea 2002).   

On average, this estimated scale elasticity has decreased from 1.018 in 1996 to 

0.967 in 2002, and this finding is consistent with the overall increase in the scale of banks 

through mergers discussed above.  Likewise, within almost all bank categories 

summarised in Table 5, very mild decreasing returns to scale and a slight downward trend 

in estimates is observed.  Thus, there is little evidence for a difference in returns to scale 

across the groups identified in Table 5.
9
  The existence of mild increasing return to scale 

in 1996, the slight decreasing return to scale towards the end of the sample period and the 

consolidation of banks, suggests that if total factor productivity change in Malaysian 

banking was affected by scale change effects during 1996-2002, this effect is likely to be 

only a slight decrease on average.   

 

Insert Table 5 about here 

 

4.4 Productivity Change and its Decomposition 

Table 6 gives average estimated productivity change across all banks and its 

decomposition into efficiency change, technical change and scale change.  Over the 

sample period, average productivity change was 2.37 percent per year.  As technical 

change increased 2.79 percent, productivity change is largely driven by technical 

                                                 
8
 Interest rates, which were very high to refrain capital outflow, were reduced in the third quarter of 1998 to 

support the economic recovery plan. 
9
 Yudistira (2004) found that small and medium-sized Islamic banks in most countries have diseconomies of 

scale but Alshammari (2003) found that bank type has no effect of economies of scale in GCC countries. 
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change.
10

  However, as estimated average technical change declined from 3.95 percent in 

1997 to 1.72 percent in 2002, the trend decrease in overall productivity change can also be 

attributed to decreasing rates of technical change.   

The negative average scale change effect of 0.03 is consistent with the result of 

average mild decreasing returns to scale, but also strengthens the finding that mergers 

have not contributed to productivity increases.  Between 1996 and 1997, scale change 

contributed a 0.28 percent increase in productivity change, but this cannot be attributed to 

mergers, which only occurred later in the sample period.  The succeeding year saw a 

negative scale change effect of 0.18 percent, which possibly signals deterioration in output 

due to the financial crisis and reduced economic growth in 1998.   

 

Insert Table 6 about here 

 

While technical change has influenced the long term descending trend in average 

productivity change, efficiency change has been accountable for dramatic variations 

around this trend.  The pattern of annual efficiency is quite unpredictable, with big 

positive contributions to productivity change in 1998 and 2001, but large negative effects 

in other years.  While, efficiency change reduced average productivity change by 2.24 

percent in 1997, efficiency change contributed 0.6 percent to productivity change in 1998 

before dropping again in the subsequent years.  Overall, the results suggest that the 

financial crisis adversely affected productivity.  This decline in productivity was caused 

by a decline in net and gross efficiency in 1997 which can be attributed to the financial 

crisis.  Moreover, the gross efficiency estimates indicate that the financial crisis has had a 

continued output reducing impact by triggering a sustained increase in NPLs.   

 

4.5 Firm specific productivity change and its decomposition 

 Table 7 shows productivity change estimates over the sample period for all banks 

and by bank category.  It also decomposes these rates into efficiency change, technical 

                                                 
10

 This result is similar to findings by Orea (2002) on Spanish banks, Isik and Hassan (2003) for Turkish 

banks and Casu, Girardone, and Molyneux (2004) on Spanish and Italian banks where technological 

progress is the main determinant of productivity change.  Krishnasamy, et al. (2004) found productivity 

improvement in 10 Malaysian commercial banks was also primarily determined by technical change during 

the 2000-2001 period.  
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change, and the scale change effect.  It is clear that considerable differences exist between 

average productivity change for various bank categories.  Thus, the small group of merged 

banks without IBS have the highest average productivity change at 3.33 percent, while the 

minimum group average of 0.54 is for merged banks with IBS.  The latter group 

contributes to the lower average productivity change in merged banks (1.57 percent), 

relative to unmerged banks (2.50 percent).
11

  Compared to all domestic banks (2.19 

percent), foreign banks have higher average productivity change (2.68 percent), but this 

can be primarily attributed to the foreign banks without IBS group (3.10 percent). 

 The decomposition of productivity change gives some important insights into these 

considerable differences in productivity change across bank categories.  The much lower 

average productivity change of 1.57 percent for unmerged banks relative to merged banks 

can be mainly attributed to higher rates of technical change for the unmerged banks (2.93 

percent) compared to the merged banks (1.88 percent), perhaps because merged banks 

need to concentrate more on integrating staff and coordinating their systems (Rhoades 

1998; Sherman and Rupert 2006).
12

   

 

   Insert Table 7 about here  

 

However, the identical 0.03 percent deterioration in average productivity change attributed 

to scale change effects for both merged and unmerged banks suggests that mergers have 

not contributed to productivity change through scale effects.   

Much of the difference in productivity change between merged and unmerged 

banks can be attributed to the 0.54 average productivity change for merged banks with 

IBS windows, which can mainly be attributed to very low technical change (1.64 percent) 

and a considerable decline in efficiency (-1.10 percent).  When coupled with the relatively 

small difference in estimated productivity change, technical change, efficiency change, 

and scale change effects for unmerged banks with or without IBS windows, this 

demonstrates a further disturbing impact of Malaysian banking mergers during the chosen 

                                                 
11

 Sufian and Ibrahim (2005) reported average total productivity growth for post-merger Malaysian banks of 

-1.3 percent for the period 2001-2003. 
12

 The result is consistent with Orea (2002)’s research who finds that the average rate of productivity change 

of merging banks is lower than non-merging banks, and Berger and Mester (2003) who found that 

productivity deterioration is greater for merging banks than non-merging banks. 
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sample period.  This is because it suggests that merged banks with IBS banking windows 

may have been unable to allocate adequate managerial effect to developing their IBS 

operations, because their managers were distracted by these mergers.   

The comparatively low average productivity change of foreign banks that have IBS 

windows in operation is attributable to relatively low average technical change (2.22 

percent) as well as deterioration in efficiency (-0.44) and a negative scale change effect (-

0.09).  As foreign banks without IBS have comparatively fast technical change (3.05 

percent) and positive efficiency change and scale change effects, these results imply that 

foreign banks that operate IBS have not only failed to develop new technologies, but have 

also become less efficient over time.  This may suggest that although these banks moved 

into the developing market of Islamic banking services, they were very slow in developing 

new products and technologies for this market.  On the contrary, foreign banks that have 

continued concentrating on conventional banking services managed to maintain technical 

change and have been more able to sustain efficiency levels.  Therefore, the findings may 

suggest that, for foreign banks, venturing into the Islamic banking market has been a 

disruption from their principal proficiency.   

The authors finally focus on Islamic banking.  Large differences in average 

productivity, technical change and efficiency change between the group of all 

conventional banks with or without IBS windows, implies that there is a sizeable 

difference in productivity change that can be generally attributed to the provision of 

Islamic banking services by conventional banks.  The foregoing discussion proposes that 

both foreign banks and merged banks that offered IBS banking services have faced lower 

average rates of productivity change.  Similarly, the lower than average productivity 

change for full-fledged Islamic banks (1.93)
13

 can be mainly explained by relatively low 

technical change (2.66 percent), as well as deterioration in efficiency change (-0.44 

percent) and a negative scale change effect (-0.29 percent).  This suggests that while 

Islamic banks have been moderately successful in developing new output enhancing 

products and technologies,
14

 they have been unable to remove inefficiencies in their 

operation.  

                                                 
13

 Moderate productivity growth is found in Islamic banks for most countries (Hassan 2005) but productivity 

loss is found for Islamic banks in Sudan, Iran and Pakistan (Hassan 2003). 
14

 This is consistent with Hassan (2003; 2005) who also found that the productivity change of Islamic banks 

is driven by technical change. 
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5. Conclusions and Policy Implications 

The objective of this paper was to investigate the efficiency, economies of scale 

and productivity of Islamic banks relative to conventional banks using an output distance 

function and a generalised parametric Malmquist Productivity Index.  In achieving this 

goal, some significant results with regard to the Malaysian banking sector are found.  The 

average Malaysian bank is estimated to produce only 94.8 percent of the output that could 

be produced if it operated on the frontier defined by actual operating characteristics, but 

only produces 82.3 percent of the potential output that could be produced if it instead 

faced the most favourable operating environment.  This suggests that differences in bank 

characteristics play an important role in determining bank outputs.  Moreover, on average, 

banks became more inefficient between 1996 and 2002, causing an average 0.39 percent 

decline in productivity change.  The finding that banks operate at or near to constant 

returns to scale is also consistent with the finding that scale change contributed only a 0.03 

percent decrease in average productivity change.  As technical change contributed 2.79 

percent to average productivity change, it was the main determinant of productivity 

change which averaged 2.37 percent per year between 1996 and 2002.   

The estimates of gross efficiency allow better understanding of the determinants of 

variation in outputs across bank categories, because, by definition, net efficiency estimates 

net out the influence of operating characteristics on bank output by first allowing for 

increases or decreases in predicted efficient output attributable to the operating 

environment.  In contrast, the gross efficiency estimates are measured relative to an 

efficient frontier with the most favourable observed operating environment as gross 

efficiency implicitly includes not only the impact of net inefficiency but also the impact of 

decreased outputs associated with an unfavourable operating environment.  Hence, gross 

efficiency highlights the impact of all operating characteristics on bank outputs.  

Therefore, regardless of whether one believes that operating characteristics should directly 

influence inefficiency (gross efficiency) or one believes that they influence the efficient 

output frontier (net efficiency), the gross efficiency estimates provided in this paper has 

increased the authors’ understanding of the effect of differences in operating 

characteristics on observed differences in bank outputs.  As a result, the finding of slight 
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differences in net efficiency, imply that it is the differences in operating characteristics 

which explain a large amount of the output differences between Malaysian banks.  Thus, 

for example, the high gross efficiency estimates for both full-fledged Islamic banks and 

conventional banks with IBS windows imply that Islamic banking requires considerably 

higher inputs, a finding that is not revealed in the net efficiency estimates.  Likewise, 

while net efficiency demonstrates little effect from the East Asian financial crisis, the 

gross efficiency estimates clearly demonstrate that the crisis had an interim output 

increasing effect in 1998.  Moreover, the gross efficiency estimates subsequently 

demonstrated that the crisis prompted a continuing negative impact on the output 

performance of Malaysian banks, which can be attributed to an increase in non-performing 

loans.   

 Given the extensive bank mergers in Malaysia during the chosen sample period, it 

is also remarkable that merged banks have experienced substantially lower productivity 

change relative to unmerged banks.  However, this difference can be mainly attributed to 

the lower efficiency change of merged banks that operate IBS windows.  This implies that 

the call for managers to simultaneously develop new Islamic banking products and 

consolidate operations after mergers, may have contributed to this bad performance.  

However, it also suggests that, in general, mergers do not positively influence the 

performance of Malaysian banks. 

In sum, current output distance function results suggest that the potential for 

Islamic banks to overcome the output disadvantages associated with Islamic banking are 

relatively limited.  Given the moderate growth of Islamic banking, the existing output 

disadvantages highlighted by the gross efficiency estimates, and the relatively small 

output productivity change of Islamic banks when compared to other banks, policy makers 

in Malaysia face an interesting conundrum.   Thus, if they wish to further develop Islamic 

banking, current results suggest that they will need to better motivate Islamic bank 

managers to reduce these output disadvantages, and more significantly, they will need to 

actively work to create a more encouraging banking environment for Islamic banking.     
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Table 1  
Descriptive  statistics for sample banks, 1996-2002a 
Symbol Variables Mean Std. Dev Minimum Maximum 

      
 Outputs     

Y1 Loans (MYR, million) 103.85 130.21 1.46 767.7 
      

Y2 Other Earning Assets (MYR, million) 56.76 71.04 1.52 357.56 
      
 Inputs     

X1 Labour 2,514.27 3,041.24 69.00 20,312.00 
      

X2 Deposits (MYR, million) 143.82 176.27 4.79 977.07 
      

X3 Capital (MYR, million) 1.04 1.20 0.02 6.49 
      
 Control Variables     

Z1 Loan Quality 0.13 0.12 0.01 0.77 
      

Z2 Islamic bank dummy 0.06 0.24 0 1 
      

Z3 Foreign owned Bank dummy 0.37 0.48 0 1 
      

Z4 Foreign with IBS dummy 0.11 0.32 0 1 
      

Z5 Financial Crisis Dummy 0.17 0.37 0 1 
      

Z6 Merged Bank 1 Dummy 0.01 0.11 0 1 
      

Z7 Merged Bank 2 Dummy 0.04 0.19 0 1 
      

Z8 Merged Bank 3 Dummy 0.01 0.11 0 1 
      

Z9 Banks with IBS Dummy 0.64 0.48 0 1 
      

Z10 Merged Banks Dummy 0.17 0.38 0 1 
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Table 2    
Maximum likelihood estimates for parameters of the output distance function for Malaysian banks: 1996-2002 

Parameters Coefficient Model A Model B Model C 

 

 Estimated Value Std 

Error 

Estimated Value Std 

Error 

Estimated Value Std  

Error 

        

φ0 Constant -0.099*** 0.032 -0.104*** 0.014 -0.102*** 0.018 

α1 ln X1 -0.039 0.024 -0.039* 0.024 -0.038 0.025 

α2 ln X2 -0.914*** 0.022 -0.913*** 0.022 -0.905*** 0.023 

α3 ln X3 -0.034** 0.016 -0.034** 0.017 -0.043** 0.017 

α1,1 (ln X1)
2 0.110* 0.060 0.111* 0.060 0.122** 0.059 

α2,2 (ln X2)
2 0.038 0.056 0.041 0.053 0.070 0.054 

α3,3 (ln X3)
2 0.090** 0.037 0.090** 0.037 0.087** 0.040 

α1,2 ln X1 ln X2 -0.069 0.046 -0.072* 0.043 -0.101** 0.041 

α1,3 ln X1 ln X3 -0.057* 0.032 -0.056* 0.032 -0.057* 0.034 

α2,3 ln X2 ln X3 0.012 0.042 0.013 0.043 0.018 0.044 

β1 ln Y1 0.596*** 0.012 0.596*** 0.012 0.593*** 0.012 

β1,1 (ln Y1)
2 0.223*** 0.017 0.223*** 0.018 0.211*** 0.018 

θ1,1 ln X1 ln Y1 0.003 0.027 0.003 0.027 0.004 0.027 

θ2,1 ln X2 ln Y1 -0.008 0.037 -0.008 0.036 -0.001 0.037 

θ3,1 ln X3 ln Y1 -0.035* 0.021 -0.036* 0.022 -0.035 0.023 

λ1 t  -0.026*** 0.003 -0.026*** 0.003 -0.026*** 0.004 

λ11 t2 0.004 0.003 0.004 0.003 0.004 0.003 

δ1 ln X1 t -0.001 0.008 -0.001 0.008 -0.004 0.008 

δ2 ln X2 t 0.001 0.010 0.001 0.010 0.002 0.010 

δ3 ln X3 t 0.004 0.007 0.004 0.007 0.005 0.007 

ψ1 ln Y1 t  -0.004 0.005 -0.004 0.005 -0.002 0.005 

ζ1 Loan Quality 0.380*** 0.048 0.380*** 0.048 0.391*** 0.048 

ζ2 Islamic Bank 0.061* 0.033 0.066*** 0.021 0.058*** 0.022 

ζ3 Foreign Owned Bank -0.146*** 0.040 -0.140*** 0.027 -0.095*** 0.020 

ζ4 Foreign with IBS   0.124*** 0.045 0.118*** 0.031 0.070*** 0.026 

ζ5 Financial Crisis -0.027** 0.012 -0.027*** 0.012 -0.024*** 0.012 

ζ6 Merged Bank 1     0.083*** 0.035 0.083*** 0.035   

ζ7 Merged Bank 2 0.098*** 0.034 0.097*** 0.034   

ζ8 Merged Bank 3 0.063* 0.038 0.063* 0.038   

ζ9 Banks with IBS -0.005 0.029     

ζ10 Merged Banks     0.017 0.018 

σ2 Sigma-squared           0.005 0.001 0.005 0.001 0.005 0.002 

Γ Gamma 0.828*** 0.150 0.826*** 0.143 0.783 0.193 

Log Likelihood   268.16  268.14  261.80 

       

Notes: 

*,**,*** Significant at 90, 95 and 99 percent confidence level.   

 

 

 

 

L
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Table 3 
Net efficiency for all banks and by category 
 1996 1997 1998 1999 2000 2001 2002 All Years 
 

Descriptive Statistics: All Banks 

         
Average 1.042 1.061 1.054 1.052 1.060 1.050 1.060 1.055 
Standard Deviation 0.023 0.027 0.034 0.026 0.052 0.037 0.044 0.036 
Minimum 1.016 1.015 1.014 1.015 1.011 1.015 1.015 1.011 
Maximum 1.104 1.109 1.161 1.123 1.220 1.144 1.211 1.220 
         
Average Efficiency by Category 

         

All Banks 1.042 1.061 1.054 1.052 1.060 1.050 1.060 1.055 

Without IBS 1.043 1.062 1.056 1.055 1.069 1.063 1.069 1.060 
With IBS 1.041 1.060 1.055 1.052 1.054 1.041 1.052 1.052 
Islamic 1.037 1.066 1.017 1.028 1.061 1.062 1.086 1.057 
         
Foreign 1.057 1.068 1.053 1.049 1.061 1.052 1.071 1.059 

Without IBS 1.052 1.065 1.060 1.053 1.067 1.057 1.074 1.062 
With IBS 1.078 1.077 1.031 1.040 1.043 1.043 1.066 1.052 
         
Domestic 1.035 1.058 1.054 1.053 1.060 1.049 1.051 1.052 

Without IBS 1.027 1.046 1.028 1.064 1.080 1.105 1.036 1.052 
With IBS 1.037 1.058 1.057 1.054 1.058 1.040 1.046 1.052 
Islamic 1.037 1.066 1.017 1.028 1.061 1.062 1.086 1.057 
         
Merged Banks

ab
 - 1.077 1.037 1.043 1.044 1.039 1.046 1.044 

Without IBS - 1.077 1.037 1.034 1.060 1.068 1.037 1.053 
With IBS - - - 1.048 1.028 1.032 1.048 1.040 
         
Unmerged Banks 1.042 1.060 1.054 1.053 1.063 1.058 1.071 1.057 

Without IBS 1.043 1.060 1.053 1.054 1.069 1.061 1.081 1.061 
With IBS 1.041 1.060 1.055 1.052 1.059 1.053 1.057 1.055 
         
Notes: 
a No mergers between Islamic banks have occurred during the sample period.  
b Includes 2 foreign mergers. 
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Table 4  
Gross efficiency for all banks and by category  
 1996 1997 1998 1999 2000 2001 2002 All Years 
         
Descriptive Statistics: All Banks  

Average 1.163 1.207 1.200 1.235 1.225 1.222 1.237 1.215 

Standard Deviation 0.064 0.071 0.074 0.074 0.111 0.093 0.089 0.085 

Minimum 1.033 1.021 1.014 1.057 1.028 1.051 1.057 1.014 

Maximum 1.264 1.314 1.418 1.378 1.445 1.389 1.406 1.445 

         

Average Efficiency  by Category  

         

All Banks 1.163 1.207 1.200 1.235 1.225 1.222 1.237 1.215 

Without IBS 1.108 1.135 1.130 1.193 1.173 1.154 1.159 1.152 

With IBS 1.188 1.226 1.224 1.248 1.246 1.246 1.263 1.236 

Islamic 1.264 1.306 1.206 1.267 1.326 1.333 1.373 1.311 

         

Foreign 1.104 1.148 1.132 1.194 1.177 1.156 1.179 1.161 

Without IBS 1.075 1.118 1.124 1.181 1.162 1.132 1.151 1.139 

With IBS 1.221 1.224 1.156 1.220 1.216 1.200 1.228 1.210 

         

Domestic 1.189 1.231 1.227 1.254 1.266 1.278 1.287 1.247 

Without IBS 1.174 1.220 1.162 1.262 1.264 1.307 1.217 1.222 

With IBS 1.183 1.226 1.232 1.253 1.255 1.264 1.277 1.242 

Islamic 1.264 1.306 1.206 1.267 1.326 1.333 1.373 1.311 

         

Merged Banks
a,b

 - 1.213 1.162 1.212 1.209 1.246 1.261 1.238 

Without IBS - 1.213 1.162 1.188 1.223 1.231 1.200 1.208 

With IBS - - - 1.224 1.195 1.250 1.276 1.252 

         

Unmerged Banks 1.163 1.206 1.201 1.238 1.228 1.206 1.221 1.210 

Without IBS 1.130 1.150 1.136 1.204 1.196 1.179 1.202 1.173 

With IBS 1.188 1.226 1.224 1.251 1.255 1.241 1.245 1.233 

         
Notes: 
a No mergers between Islamic banks have occurred during the sample period.  
b Includes 2 foreign mergers. 
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Table  5 
Return to scale for all banks and by category 
 1996 1997 1998 1999 2000 2001 2002 All Years 
 

Descriptive Statistics: All Banks 

 

Average 1.018 1.017 1.004 0.989 0.974 0.969 0.967 0.990 
Standard Deviation 0.035 0.032 0.038 0.035 0.047 0.040 0.046 0.044 
Minimum 0.943 0.945 0.912 0.894 0.869 0.880 0.856 0.856 
Maximum 1.062 1.061 1.081 1.067 1.092 1.034 1.051 1.092 
         
Average Return To Scale by Category  

         

All Banks 1.018 1.017 1.004 0.989 0.974 0.969 0.967 0.990 

Without IBS 1.015 1.030 1.006 0.988 0.968 0.957 0.957 0.985 
With IBS 1.020 1.012 1.003 0.990 0.978 0.977 0.975 0.993 
Islamic 1.016 1.013 1.004 0.989 0.972 0.963 0.945 0.978 
         
Foreign 1.004 1.023 0.996 0.978 0.968 0.957 0.959 0.979 

Without IBS 1.000 1.024 0.998 0.981 0.969 0.955 0.959 0.980 
With IBS 1.021 1.021 0.990 0.972 0.965 0.959 0.959 0.975 
         
Domestic 1.024 1.014 1.007 0.995 0.978 0.980 0.973 0.997 

Without IBS 1.046 1.061 1.052 1.025 0.962 0.969 0.943 1.013 
With IBS 1.020 1.011 1.004 0.993 0.981 0.984 0.981 0.997 
Islamic 1.016 1.013 1.004 0.989 0.972 0.963 0.945 0.978 
         
Merged Banks

ab
 - 1.027 1.007 1.003 0.983 0.978 0.970 0.981 

Without IBS - 1.027 1.007 1.009 0.981 0.976 0.967 0.988 
With IBS - - - 1.000 0.985 0.978 0.971 0.978 
         
Unmerged Banks 1.018 1.016 1.004 0.988 0.972 0.963 0.964 0.992 

Without IBS 1.015 1.028 1.006 0.985 0.966 0.954 0.952 0.984 
With IBS 1.020 1.012 1.003 0.989 0.976 0.975 0.980 0.997 
         
Notes: 
a No mergers between Islamic banks have occurred during the sample period.  
b Include 2 foreign mergers. 
If  return to scale >,< or =1, there are increasing return to scale; decreasing return to scale or constant returns to 
scale respectively. 
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Table 6    
Mean Productivity change in Malaysian banking, annual percentage rate of change 

Period 
Mean Changes in 

Efficiency 
Mean Technical 

Change Mean Scale Effect 
Mean Productivity 

Growth 
     
1996/97 -2.24 3.95 0.28 1.99 
1997/98 0.60 3.58 -0.18 4.00 
1998/99 -0.24 3.13 -0.09 2.80 
1999/2000 -0.70 2.52 0.09 1.90 
2000/01 0.62 2.08 -0.31 2.39 
2001/02 -0.94 1.72 0.14 0.92 
     
1996/2002 -0.39 2.79 -0.03 2.37 
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Table 7   
Summary of firm specific productivity growth for all banks and by category,  
annual percentage rate of change 

 
Mean Efficiency 

Change 
Mean Technical 

Change 
Mean Scale Change 

Effect 
Mean productivity 

change 

     
Descriptive Statistics: All Banks    
     
Average -0.39 2.79 -0.03 2.37 
Standard 
Deviation 3.09 0.94 0.86 3.21 
Minimum -8.07 0.93 -4.14 -5.59 
Maximum 9.81 5.06 4.65 13.01 
     

Average Productivity Change  by Category   

     

All Banks -0.39 2.79 -0.03 2.37 

Without IBS -0.13 3.11 0.07 3.06 
With IBS -0.51 2.64 -0.05 2.08 
Islamic -0.44 2.66 -0.29 1.93 
     
Foreign Banks -0.10 2.80 -0.02 2.68 

Without IBS 0.04 3.05 0.02 3.10 
With IBS -0.44 2.22 -0.09 1.68 
     
Domestic Banks -0.56 2.78 -0.03 2.19 

Without IBS -1.10 3.52 0.39 2.80 
With IBS -0.52 2.73 -0.04 2.17 
Islamic -0.44 2.66 -0.29 1.93 
     
Merged Banks

 a,b -0.28 1.88 -0.03 1.57 
Without IBS 1.12 2.30 -0.10 3.33 
With IBS -1.10 1.64 0.01 0.54 
     
Unmerged Banks -0.41 2.93 -0.03 2.50 

Without IBS -0.39 3.16 0.03 2.80 
With IBS -0.41 2.81 -0.06 2.33 
     
Notes:     
a No mergers between Islamic banks have occurred during the sample period 
b Includes 2 foreign mergers. 
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Figure 1: Output-oriented distance function with 2 outputs, Y1, Y2 given input vector, X. 
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I. Introduction 
 
 

“….the geography of global law firms – where firms are and are not present – is 
intimately linked to the nature of international business and its future 
development, yet it is also driven by the complexities of legal doctrines, cultures 
and ultimately law firm management.” (Faulconbridge et al., 2008) 

 
Faulconbridge et al.’s statement can be extended to accounting firms and financial firms 

as well. This paper reports preliminary research on the connectedness of global service 

firms (accounting, advertising, financial, and law) in the World Cities Network (WCN, 

Taylor, 2004). This paper uses data about the capital structures of industries in the Asia 

Pacific region to look at how countries are connected globally via the presence of global 

service firms in the cities in their region. 

 
II. The World City Network 
 
The research of Taylor, Catalano, and Walker (2001, 2002a, 2002b) investigates the 

World City Network that enhances our understanding of the role of world cities as a 

service network: 

  
“By identifying the world city network as an interlocking network with three 
levels – network, nodes (cities) and sub-nodes (global service firms) – a 
specification has been derived in which the firms are the major creators of the 
world city network. Firms ‘interlock’ cities through their office networks that are 
perforce world-wide to service global corporations with a branded seamless 
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service. The specification consists of a basic city-firm matrix of ‘service values’ 
provided by each firm in each city from which are derived intercity matrices of 
interlocking connections.” (Taylor et al., 2002b:2377) 
 

 
Researchers at the Globalization and World Cities Research Centre (GaWC) use a 

geographical approach to look at the connections of services between major cities of the 

world. Taylor et al. (2002a: Table 2, p. 2371) shows the world’s top ten cities ranked by 

their total connection to 100 service firms which include accountancy (e.g. KPMG), 

banking/finance (e.g. CitiGroup), advertising, and legal firms.  

 

The world city network is analyzed in terms 100 of the world’s service firms in 

accountancy, advertising, banking and finance, and law (Taylor et al., 2001:47). Within 

the groupings are alpha world cities (e.g. London, New York, Tokyo, Hong Kong, 

Singapore), beta world cities (e.g. Sydney, Seoul, Toronto) and gamma world cities (e.g. 

Boston, Jakarta, Taipei, Bangkok, Kuala Lumpur, Manila). Within the Asia Pacific 

region, Tokyo, Singapore, and Hong Kong are recognized as key cities in the global 

economy and rank in the top 10 world cities based on connectivity in 2000. London’s 

connectivity is 1.0, Hong Kong’s is 0.71, Tokyo’s is 0.69 and Singapore’s is 0.65 (Table 

1). 

 

Faulconbridge et al. (2008:487) provides a further exploration of the role of global legal 

firms in spreading ‘an Anglo-American style of legal service provision’. The global legal 

network may be viewed as a microeconomic study of the hypothesis tested by previous 

authors (La Porta et al. 1997, 1998) that legal systems impact on the capital structure and 

therefore the financing used by firms. 
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The connectivity of the world cities is an indicator of the globalization process as well as 

a dynamic indicator of how firms are tied into the global network by service industries 

which work across country boundaries. For the Asia-Pacific region, Table 1 indicates that 

the connectivity has changed from 2000 to 2004 with some cities becoming more 

connected and others becoming less so. Derudder et al.’s study of the WCN (Derudder et 

al, 2007, Table 2, p. 453) identifies Hong Kong, Singapore, and Tokyo in a cluster 

(Cluster 2). The application of a fuzzy c-means algorithm to the database identifies the 

Pacific Asian cities of Bangkok, Beijing, Jakarta, Kuala Lumpur, Manila, Seoul, 

Shanghai, and Taipei within Cluster 5 whose average connectivity ‘unveils that Pacific 

Asia is a third main “globalization arena” next to Europe and the US…” (Derudder et al., 

2007:456). 

 
 III. The World City Network and Capital Structure 
 
From Taylor et al.’s research we hypothesize that the location of cities within the Asia 

Pacific region and their connectivity to the WCN will have an influence on a firm’s debt 

to equity level.  As well, over time, the evolution of the network should influence the 

type and nature of the capital structure and the types of capital offered to firms in the 

region through banks or through the stock exchange. For example, McGuire and 

Tarashev (2007, Figure 4:184) show that the linkages in the international banking system 

between Asia Pacific and Japan and the remainder of the world have increased from 1997 

to 2006. As well, the net flow of funds through the international banking system has 

changed between 1990-97 and 1998-2006 (McGuire and Tarashev, 2007, Figure 5:186).  
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Therefore, we hypothesize that distance from a major city as well as the connectivity of 

the financial center of the country influences a firm’s capital structure, particularly if the 

world city network has developed sufficiently to provide for global firms to service the 

region. In particular, the global commercial banks and investment banks along with the 

accounting and law firms may enhance globalization through the network that connects 

regions and firms and cities. 

 

 In this paper, the study of firms within the WCN is expanded to include the firms 

serviced by the service firms, i.e., a sub-sub-node within the network. The cities where 

the stock markets are located are proxies for the service centers for firms. Therefore, the 

connectivity of these cities as well as some measure of distance from other world cities in 

the region can proxy for the influence on a firm’s debt to equity ratio. 

 
IV. The Models and Methodology 
 
The Initial Data Set 
 
Company Accounts Data have been retrieved from Datastream for 2000 to 2005. The 

Asia-Pacific countries for which data are available are Australia, Hong Kong, Indonesia, 

Korea (Republic of), Malaysia, New Zealand, Philippines, Singapore, Taiwan, and 

Thailand. In this initial paper, the data has been sorted for Indonesia, Philippines and 

Singapore and the Actual Debt Ratio (ADR) equal to total book value of debt divided by 

the total book value of debt plus the market value of equity after Welch (2004) has been 

calculated for each firm for which there is complete data from 2000 to 2005. The 

averages for each industry are presented in Tables 3, 4, and 5. As can be seen from the 

tables, the ADR varies from year to year and across countries. The type of industry and 
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the number of firms varies across these three countries. There are 589 firms with 

complete data (156 firms from Indonesia, 138 firms from the Philippines, and 285 firms 

from Singapore). To be included, each firm must have a value reported for book value of 

debt and market value of equity for each of the six years from 2000 to 2005. 

 

The General Model 

The model takes the form of the following general equation: 

 
ADR 2005 = f (country, industry, ADR200X, GDP200X, other variables) 

 
Where 
 
ADR2005  =  actual debt ratio = book value of debt/(book value of debt + market value 
of equity) in 2005 as used by Welch (2001), values calculated from Datastream Company 
Accounts Data. 
 
Country/City: Indonesia, Philippines, Singapore. Hong Kong, Republic of Korea, 
Malaysia, Taiwan, and Thailand to be added. 
 
Industry: as provided by Datastream. Current industries represented are shown in Tables 
3, 4 and 5  
 
ADR200X = actual debt ratio = book value of debt/(book value of debt + market value of 
equity) calculated for 2000, 2001, 2002, 2003, and 2004 
 
 GDP200X: Growth in GDP in 2000, 2001, 2002, 2003, 2004, and 2005 as reported by 
the Asian Development Bank 
 
Other Variables: 
 
STA2003, STA2004, STA2005: securities investment/total bank assets of commercial 
banks for each country as reported by the Asian Development Bank. 
 
CON2000, CON2004: connectivity of the major world city in the country as reported by 
Taylor and presented in Table 1. 
 
CONCHGE: change in connectivity from 2000 – 2004 as reported by Taylor and 
presented in Table 1. 
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Test of Ameer (2007) 

Ameer (2007) indicates that country level data for the cost of equity capital for countries 

in Southeast Asia cannot be averaged over different types of firms. Therefore this study 

initially does not aggregate firms across industries. We study the capital structures by 

comparing ADRs between industries of a specific country. The null hypothesis is that the 

ADR Industry 1 (e.g. cement companies in Indonesia) is not significantly different from 

the ADR Industry 2 (e.g. beverage companies in Indonesia). We look at the difference of 

means of the industry ADRs year by year as well as the difference of means for the 

average ADR over the 5 years for each industry for Indonesia, the Philippines, and 

Singapore. Data for Thailand, Malaysia, Republic of South Korea, and Taiwan are being 

processed and will be added. 

 

Tests of the World Cities Network 

We hypothesize that the connectivity of the major world city in a country will influence 

the choice of capital structure. The rationale is that the connectivity enhances the 

availability of capital as well as the expertise to provide banking, accounting and legal 

services that support a firm’s development. The connectivity is a measure of 

globalization and may also be a measure of the maturing of firms and markets. 

 

The fuzzy c-means algorithm used by Derudder et al. (2007) resulted in the world cities 

“clusters” that are reproduced in Table 2. Jakarta, Indonesia, and Manila, Philippines are 
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in Cluster 5. Singapore is in Cluster 2. We then test the ADRs of firms within clusters 

and between clusters as follows: 

 

Cluster 5 Test: We compare the ADRs by industry for Indonesia and the Philippines 

whose cities (Jakarta and Manila, respectively) are members of Cluster 5. The null 

hypothesis is that firms in countries within a cluster should have similar capital 

structures. 

 

Cluster 2 versus Cluster 5 Test: We compare the ADRs by industry for Singapore and 

Indonesia and Singapore and the Philippines. Singapore is a member of Cluster 2 of 

Derudder et al (2007) but it has also been identified as a regional city (along with Hong 

Kong and Tokyo) within the Asia Pacific region (Taylor et al., 2001). The null hypothesis 

is that there is no difference in means between a cement company in Singapore and a 

cement company in Indonesia and the Philippines if Singapore has an influence as a 

regional city. 

 

Cluster 4 versus Cluster 5 Test: Sydney, Australia and Toronto, Canada are members 

of Cluster 4 (Table 2).  We will repeat the difference of means tests by industry to see 

what relationship, if any, there is between these cities. 

 

Test of Welch (2004) for Asia Pacific: Welch (2004) found that, for US companies, 

85% of the capital structure is explained by last year and 54% by 5 years ago. We will 
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use the ADR data for 2000 to 2005 to test whether this is relevant for Asia Pacific 

countries (Indonesia, Philippines, and Singapore).  

 
IV. Preliminary Results 
 
Test of Ameer (2007) 

Tests of the difference of means for firms within industries for Indonesia , Singapore, and 

the Philippines show mixed results. There is some indication of a convergence of ADRs 

between industries within a country over time. However, in some cases, the difference in 

industry ADRs has become more statistically significant between 2000 and 2005 (e.g. 

telecom and mining companies in the Philippines). 

 

Tests of the World Cities Network 

 

Cluster 5 Test: The difference of means test of the ADRs for all companies by year for 

Indonesia/Philippines show that the ADRs are significantly different in each year from 

2000 to 2005. As well, there is a pattern suggesting increased difference in the ADRs 

over time. 

 

Cluster 2 versus Cluster 5 Test: The difference of means test of the ADRs for all 

companies for Singapore/Indonesia shows that the ADRS are significantly different in 

each year. As well, the ADRs become more significantly different between 2000 and 

2005. The difference of means test of the ADRs for all companies for 

Singapore/Philippines shows that the ADRs are significantly different in each year. 
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However, the ADRs show a pattern of convergence and become less significantly 

different from 2000 to 2005. 

V. Conclusions and Further Research 

 
The world cities network provides an additional dimension to our understanding of how 

international markets are connected. In particular, by estimating the interconnection of 

accounting, advertising, financial and legal firms we are able to expand our knowledge of 

how practices from developed markets are transferred to developing markets through 

their connectivity. Additional research will identify the appropriate variables to express 

the relationship. 

 

Since the cities network data is firmly geographical in nature, additional models will be 

needed. In particular, a geographically weighted regression model is being explored and 

will be tested. As well, the data from the GaWC, available on line, may provide a 

different globalization variable than the connectivity. The analysis of Faulconbridge et al. 

(2008) enhances our understanding of management issues for legal firms. A further study 

applied to financial firms may yield a better understanding on a micro level of how 

globalization influences financial market networks. 
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Table 1: Connectivity of Asia Pacific Cities, 2000, 2004, and Change in Connectivity, 
2000-2004, data from Taylor (2006) 
 

Connectivity  Connectivity Change in
CITY  2000  2004 Connectivity
HONG KONG  0.724  0.731 0.119
JAKARTA  0.408  0.438 ‐0.114
SEOUL  0.413  0.449 0.279
KUALA LUMPUR  0.434  0.478 0.329
MANILA  0.477  n.a. n.a.
SINGAPORE  0.645  0.671 0.236
TAIPEI  0.488  0.446 ‐0.207
BANGKOK  0.428  0.441 0.135
BEIJING  0.421  0.456 0.268
SHANGHAI  0.429  0.452 0.197
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Table 2: Clustering of world cities based on a fuzzy c-means algorithm (from Derudder et 
al. 2007, Table 2, p. 453) 
 
 
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 
London Frankfurt Chicago Amsterdam Bangkok 
New York Hong Kong Los Angeles Buenos Aires Beijing 
 Milan San Francisco Madrid Jakarta 
 Paris  Mexico City Kuala Lumpur 
 Singapore  Sao Paulo Manila 
 Tokyo  Sydney Seoul 
   Toronto Shanghai 
    Taipei 
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Table 3: ADR of Indonesian firms sorted by industry 
 
  

ADR2000  ADR2001  ADR2002  ADR2003  ADR2004  ADR2005 
AUTOMOTIVE (9 firms)  0.359 0.434 0.547 0.471  0.421 0.443
BEVERAGES (2 firms)  0.155 0.000 0.000 0.000  0.000 0.000
CHEMICALS (10 firms)  0.276 0.344 0.491 0.438  0.427 0.458
CONSTRUCTION (16 firms)  0.387 0.420 0.600 0.532  0.488 0.482
DIVERSIFIED INDUSTRY (1 firm)  0.427 0.436 0.401 0.249  0.255 0.227
ELECTRONICS (4 firms)  0.239 0.245 0.516 0.454  0.488 0.398
ENGINEERING (3 firms)  0.591 0.596 0.714 0.701  0.478 0.507
 FOOD (25 firms)  0.341 0.350 0.622 0.569  0.504 0.439
FORESTRY (7 firms)  0.538 0.558 0.826 0.768  0.704 0.678
HOUSEHOLD (18 firms)  0.424 0.472 0.592 0.586  0.551 0.562
IT HARDWARE (3 firms)  0.121 0.533 0.789 0.552  0.573 0.530
LEISURE & HOTELS (4 firms)  0.614 0.707 0.597 0.556  0.508 0.520
MEDIA (2 firms)  0.248 0.653 0.717 0.684  0.711 0.766
MINING (3 firms)  0.107 0.026 0.227 0.155  0.207 0.246
OIL (2 firms)  0.043 0.277 0.460 0.366  0.385 0.292
PERSONAL CARE (4 firms)  0.324 0.268 0.521 0.463  0.456 0.445
PHARMACY & BIOTECH (4 
FIRMS)  0.265 0.299 0.290 0.114  0.096 0.068
REAL ESTATE (20 firms)  0.484 0.450 0.660 0.519  0.484 0.482
RETAILERS (4 firms)  0.535 0.528 0.557 0.480  0.414 0.412
SOFTWARE& SERVICES (2 firms)  0.003 0.037 0.173 0.249  0.216 0.318
STEEL & OTH. METALS (1 firm)  0.398 0.922 0.994 0.990  0.984 0.984
TELECOM (2 firms)  0.178 0.359 0.377 0.395  0.387 0.399
TOBACCO (4 firms)  0.150 0.122 0.213 0.152  0.134 0.127
TRANSPORT (7 firms)  0.319 0.331 0.492 0.409  0.335 0.370

AVERAGE ADR FOR ALL FIRMS  0.314 0.390 0.516 0.452  0.425 0.423
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Table 4: ADR of Philippine firms sorted by industry 
 
Industry  ADR2000 ADR2001 ADR2002 ADR2003  ADR2004 ADR2005
BEVERAGES (4 firms)  0.329 0.361 0.318 0.284  0.241 0.404
CHEMICALS (5 firms)  0.328 0.343 0.338 0.343  0.360 0.377
COMPUTERS (5 firms)  0.117 0.254 0.368 0.190  0.134 0.120
CONSTRUCTION (10 firms)  0.733 0.721 0.753 0.626  0.494 0.468
DIVERSIFIED INDUSTRY (6 firms)  0.280 0.279 0.298 0.312  0.263 0.231
ELECTRICITY (4 firms)  0.718 0.809 0.928 0.856  0.811 0.647
EXPLORATION (9 firms)  0.232 0.137 0.146 0.142  0.120 0.072
FOOD (14 firms)  0.409 0.386 0.435 0.445  0.489 0.461
HOUSEHOLD GOODS (5 firms)  0.281 0.318 0.345 0.378  0.371 0.393
LEISURE & HOTELS (7 firms)  0.180 0.177 0.179 0.184  0.144 0.131
MINING (7 firms)  0.638 0.600 0.673 0.596  0.366 0.366
MISCELLANEOUS (9 firms)  0.463 0.472 0.498 0.435  0.429 0.400
REAL ESTATE (40 firms)  0.402 0.485 0.482 0.403  0.340 0.281
TELECOM SERVICES (5 firms)  0.769 0.784 0.828 0.762  0.687 0.586
TRANSPORT (7 firms)  0.547 0.479 0.430 0.419  0.375 0.340

AVERAGE ADR FOR ALL FIRMS  0.428 0.440 0.468 0.425  0.375 0.352
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Table 5: ADR of Singapore firms sorted by industry 
 

ADR2000 ADR2001 ADR2002 ADR2003  ADR2004 ADR2005
BUSINESS SYSTEMS (11 firms)  0.199 0.313 0.290 0.252  0.232 0.215
CHEMICALS (3 firms)  0.302 0.390 0.422 0.393  0.460 0.380
COMPUTERS (22 firms)  0.060 0.082 0.111 0.095  0.111 0.162
CONSTRUCTION (33 firms)  0.332 0.406 0.446 0.405  0.385 0.415
CUSTOMER SERVICE (2 firms)  0.069 0.051 0.072 0.076  0.152 0.157
ELECTRONICS (39 firms)  0.194 0.271 0.297 0.244  0.265 0.325
EXPLORATION (2 firms)  0.672 0.694 0.638 0.239  0.172 0.267
FOOD (25 firms)  0.227 0.245 0.218 0.201  0.202 0.216
HEALTHCARE (4 firms)  0.120 0.173 0.145 0.116  0.118 0.135
HOUSEHOLD (7 firms)  0.368 0.387 0.443 0.403  0.373 0.364
INDUSTRIAL PRODUCTS (39 firms)  0.330 0.403 0.380 0.298  0.292 0.266
MEDIA (4 firms)  0.119 0.128 0.070 0.108  0.117 0.138
MISCELLANEOUS (8 firms)  0.063 0.056 0.090 0.075  0.097 0.083
REAL ESTATE (25 firms)  0.456 0.476 0.499 0.427  0.452 0.378
RETAIL (13 firms)  0.294 0.314 0.243 0.267  0.258 0.333
STEEL & OTHER METALS (4 firms)  0.512 0.574 0.506 0.386  0.341 0.369
TELECOM (5 firms)  0.369 0.484 0.385 0.207  0.166 0.204
TOURISM (16 firms)  0.337 0.363 0.373 0.328  0.320 0.265
TRANSPORTATION (19 firms)  0.287 0.346 0.337 0.277  0.240 0.217
WASTE (3 firms)  0.144 0.154 0.117 0.258  0.213 0.188

AVERAGE ADR ALL FIRMS  0.273 0.315 0.304 0.253  0.248 0.254
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1. Introduction  

 

The choice of optimal deductibles for insurance policies has an inter-temporal aspect, like 

any investment decision involving risk.1 Many earlier studies on inter-temporal insurance 

use either a single-period model (as in the standard portfolio model) or a two-period model in 

discrete time. These include Moffet (1977), Mayers and Smith (1983), Doherty and 

Schlesinger (1983), Meyer and Ormiston (1995) and Eeckhoudt et al. (1997). Notable 

exceptions are Briys (1986) and Gollier (1994), which address the problem of optimal 

insurance decisions in a continuous-time setting.2 These studies show that the optimal 

deductible depends on the level of risk-aversion and the loading factor using the techniques 

of stochastic optimal control theory. In Briys, the insurable asset and wealth are one and the 

same. Thus losses to the insurable asset are proportion to the amount of wealth that the 

individual owns. Gollier additionally introduces a risk-free bank account and examines the 

optimal strategy when both depositing in a bank account and insurance are allowed. 

 

The present paper also derives the optimal level of deductibles for non-life insurance 

policies in continuous-time.3 In comparison to Briys and Gollier, this paper develops a more 

general model to accommodate possible interactions between the insurance demand and 

portfolio decisions. A key feature is that wealth accumulation comes from not only a risk-free 

bank account, but also a risky stock. Inclusion of a stock in the portfolio is justified on the 

                                                           
1 A deductible in an insurance contract is an amount of the loss incurred by the insurable asset that the insured 
agrees to cover. 
2 There are other exceptions in the literature, but they have a rather different emphasis from this paper. For 
example, Cooper and Hayes (1987) use a multi-period discrete-time model, but they exclude the possibility of 
saving. Ellickson and Penalva-Zuasti (1997) work in continuous time, but are concerned with the pricing of 
insurance contracts in a general-equilibrium framework rather than with optimal paths for insurance, 
consumption, and saving. 
3 It should be noted at the outset that the model here assumes a fixed planning horizon and no bequest motives. 
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grounds that investments in stocks yield higher expected returns than investment in a 

risk-free asset, thus expected wealth accumulation would be faster than if investments were 

only in a risk-free asset. Under this specification, we are able to assess the effect of 

investments in risky assets on the optimal deductible decision. The analysis shows that the 

optimal deductible depends not only on the level of risk aversion and the loading factor, but 

also on the portfolio or consumption decisions of the individual.  

 

In the studies of Briys and Gollier, they have assumed that the insurable asset is subject 

to catastrophes. However, such events may also have significant concurrent effects on the 

stock market and, hence, the investor’s portfolio decisions. The catastrophic event risk is, by 

nature, a non-diversifiable aggregate shock unforeseen by economic agents.  This implies 

that even a fully diversified portfolio ex ante is likely to be affected to a sizable extent by 

such a non-diversifiable shock ex post.  In less than complete markets, taken to be a 

plausible description of the real world, understanding the importance of a catastrophic risk 

jointly affecting the two risky assets (as you pointed out) is of practical relevance especially 

when one considers a second-round effect on the equity market through the insurance market.  

 

Empirically, Shelor et al. (1992) and Aiuppa et al. (1993) report the positive effects of 

some catastrophes on insurance firms’ stock prices, while Angbazo and Narayanan (1996) 

and Yamori and Kobayashi (1999) find negative effects for other catastrophes.4 Skidmore 

and Toya (2002) and Okuyama (2003) discuss the economic impact of disasters on 

non-insurance firms such as those in the construction and manufacturing industries. At a 

                                                                                                                                                                                     
Therefore, the derived results are not relevant to life insurance. See Richard (1975) and Borch (1990, pp. 
231 − 264) for discussion of optimal life insurance. 
4 The sign is indeterminate a priori. On the one hand, the arrival of a catastrophe may lead insurance 
companies to charge higher premiums so that investors, taking this into account, buy more shares in insurance 
companies, resulting in higher equity values. The increased awareness by consumers is an additional 
contributing factor. On the other hand, the arrival of a catastrophe means that insurance companies will have to 
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macro level, Worthington and Valadkhani (2004) report a negative relationship for the impact 

of catastrophes on all companies in the Australian stock market. 

 

We account for concurrent shocks to the insurable asset and the stock price by 

expressing the stock price dynamics as a jump-diffusion process, with the jump being 

represented by a Poisson process, to take account of catastrophic shocks originating from the 

insurance market. In our model the insured wealth is divided into the three asset classes: an 

insurable asset, stock, and a bank account. In Briys model financial wealth and the insurable 

asset are one and the same. The insurable asset (wealth) in Briys model only faces a Poisson 

type risk. In our model the bank account is risk free, the insurable asset faces a Poisson type 

risk and the stock the same Poisson driven risk plus a diffusive (Brownian motion) risk. Briys 

results can thus be obtained from our model if we assume that all assets grow at the same rate 

with only one source of risk (Poisson type) and a homogenous loss rate.    

 

Several results are generated. Of particular interest is the separability of the optimal 

insurance demand from other portfolio decisions.5 Mayers and Smith (1983) and Doherty 

and Schlesinger (1983) prove in a mean-variance framework that the optimal level of 

insurance coverage depends on the covariance between losses in the insurable asset and 

returns from the risky assets in the portfolio. We show in our framework that, indeed, the 

optimal decision on deductibles is not a separable
 
portfolio decision, that there are potentially 

important interdependencies between the demands for insurance and stocks.  

 

The rest of this paper is organized as follows. The next section describes the random 

processes used in the model, the available assets in the economy, and the individual’s utility 

                                                                                                                                                                                     
pay out large claims, making investors sell shares in insurance companies, thus lowering equity values. 
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function. Section 3 states and solves the individual’s optimization problem when shocks from 

the insurable market are priced in the returns of the stock market. Section 4 concludes the 

paper.  

 

 

 

 

2. Framework  

 

2.1. Catastrophe Model and Information Structure  

Assume that an individual owns an insurable asset and two assets: a bank account and a stock. 

The insurable asset can be thought of as the individual’s health or property. The insurable 

asset is subject to catastrophic risks as in Briys (1986) and Gollier (1994). The arrival of a 

catastrophe is assumed to follow a Poisson process. Denote the number of catastrophes by 

{ }( ),  0N t t ≥ . Then ( )N t  is said to follow a Poisson process if 

 

(i)  (0) 0N = ; 

(ii)  { }( ),  0N t t ≥  has stationary and independent increments; 

(iii) { }( ) 2 ( )N t o t≥ =P ; 

(iv) { }( ) 1 ( )N t t o tλ= = +P , 

 

where λ  is the rate of the process and ( )o t  is a function such that 0lim ( ) / 0t o t t→ = .6 The 

                                                                                                                                                                                     
5 Separability means that decisions can be made sequentially without any feedback on each other. 
6 See Merton (1990, Section 5) for details. 
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process ( )N t  can also be represented as { }0( ) 1
k tkN t τ

∞
≤== ∑ , where kτ  represents the 

arrival of the thk catastrophe. When the Poisson process has such a representation, the 

probability of having k  events in the time interval ],0( t  is given by  

( ) ( )( ) exp( )
!

ktN t k t
k
λ λ= = −P , 

 

where tλ  is the mean arrival rate. 

We assume given in the background the probability space ( , , , )tΩ F F P , where Ω  is 

the sample space of the different states of the world, P  is a probability measure, and the 

family of σ -algebras, Ttt ≤≤= 0)(FF  represents all the information available to the 

individual. All variables and processes are assumed to be properly defined on this probability 

space. The expectations are taken with respect to the probability measure P .  

 

2.2. Available Assets  

The problem for the individual is how much to consume, how much to invest, and how much 

insurance to purchase. The income not consumed can either be invested or used to purchase 

insurance on the insurable asset. Invested income is proportioned between a risk-free bank 

account and a risky stock. The dynamics of the bank account process ( )B t  are given as 

 

( ) ( )dB t rB t dt= ,                                                  (1) 

 

where r  is the risk-free interest rate and is assumed to be constant. 

 

The value of an insurable asset is denoted by L . In the case of no insurance, the 
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dynamics of the insurable asset are given as 

 

)()()( tdNtlLtdL −−=                                              (2) 

 

where )(tdN  is an increment of the Poisson process which is equal to one if tτ ≤  and τ  

is the arrival time of a catastrophe.7 The arrival of a catastrophe decreases the value of the 

insurable asset by ( )lL t− , where l  is the instantaneous loss rate of the insurable asset. It is 

assumed that [0,1]∈l . The distribution function and density function are lF
 
and lf

 

respectively. Note that if there are no catastrophic events, the value of the insurable asset 

remains unchanged, that is, ( ) / ( ) 0dL t L t− = . 

 

Now consider the case that the individual purchases an insurance policy. We organize 

the discussion in terms of the optimal deductible, not the optimal coverage purchased. This is 

because of its popularity in the literature and widespread use by many insurers.8 When the 

individual requests a deductible in an insurance contract, the dynamics of the value of the 

insurable asset are given as  

 

)()()()( tdNtDtlLtdL −−= ,                                          (3) 

 

where ( )D t represents the deductible. Note that ( ) [0,1]∈D t , so if ( ) 0D t =  then the 

individual has chosen full insurance and if ( ) 1D t =  the individual has chosen to self-insure. 

The cost rate for this type of insurance is equal to ( , )P D L , which is referred to as the 

                                                           
7 The value of the insurable asset is constant unless there is a catastrophic event. Other specifications of the 
insurable asset are: (1) ( ) ( ) ( )dL gL t dt lL t dN t= − −  and (2) ( ) ( ) ( ) ( ) ( )L

LdL gL t dt L t dW t lL t dN tσ= + − − . 
8 Arrow (1965) shows that deductibles have superior risk-reducing characteristics compared with other 
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premium. The amount of the premium is determined by 

 

1
0

( , ) (1 ) (1 ) ( )lP D L dt D lLf l dldtλ ς= + −∫ ,                                 (4) 

 

where ς  is the loading factor and ( )⋅lf  is the density function for the loss rate incurred by 

the insurable asset.9 Then, the premium is obtained by 

( , ) (1 )(1 ) ,P D L D LElλ ς= + −  

where 
1

0
( ) .lEl lf l dl= ∫  

If loss rate is assumed to be zero or one with probability of 1 π−  and π  respectively, the 

assumption that the arrival of catastrophic events follows a Poisson process with arrival rate 

λ  implies that the premium is given by 

 

( , ) (1 )(1 )P D L D Lλ ς π= + − .10                                        (5) 

 

The insured is assumed to invest part of his\her wealth in a risky security (a stock) ( )S t . 

A jump-diffusion process is assumed for the dynamics of the stock price ( )S t . Hence, 

  

( ) ( ) ( ) ( ) ( ) ( )dS t S t dt S t dW t S t dN tμ σ δ= + − − ,                              (6) 

 

where μ  is the instantaneous expected return of the stock, σ  is the volatility, ( )dW t  is 

an increment of Brownian motion, δ  is a random variable, referred to as the instantaneous 

                                                                                                                                                                                     
insurance arrangements. 
9 The fair premium value is computed as the expected amount the insurance company has to payout. Often 
insurance companies charge non-actuarially-fair premiums. The non-actuarially fair premiums are computed by 
loading the actuarially fair premium by some factor. This factor is referred to as the loading factor. 
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loss rate, with values in the interval (0, 1), and ( )dN t  is the same jump process that appears 

in the dynamics of the insurable asset. The distribution function of δ  is denoted by F δ . It is 

assumed to be a continuous random variable with density function f δ . The instantaneous 

loss rate of the insurable asset is assumed to be independent ofδ . 

 

We have two possible forms for the dynamics of the wealth equation. The first 

represents no insurance, and the other represents the dynamics of wealth under the specified 

insurance contract. The wealth equation is obtained by substituting the key equations above 

into the expression 

 ( ) ( ( ( ) / ( )) (1 )( ( ) / ( ))) ( ) ( , ) ( ) ( )dV t dB t B t dS t S t V t cdt P D L dt DlL t dN tα α= + − − − − − ,  

 

where α  is the proportion of wealth invested in the bank account and (1 )α−  is the 

proportion invested in the stock. This equation gives the growth of wealth as a function of the 

growth rate of money invested in the bank account and in the stock market minus the rate of 

consumption and the premium payments. The last term of the wealth equation states that if an 

accident were to occur, the insured’s wealth would decrease by the amount DlL , where lL  

is the dollar amount of the damage incurred. Thus, DlL  is the amount the insured would 

have to come up with to restore the value of the insurable asset. The insurance company 

would provide (1 )D lL−  to the insured.11  

 

The dynamics of the wealth equation for the cases where an individual buys no insurance and 

some insurance are summarized below.  

 

                                                                                                                                                                                     
10 See Briys (1986) for a justification of this expression. 
11 If the insured chose D=0 all damages to the insurable asset would be covered by the insurance company. If 
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[ ]
[ ]

( ) ( ( ) (1 ( ))) ( ) ( ) ( , ) (1 ( )) ( ) ( )

            (1 ( )) ( ) ( ) ( ) ( ) ( )                                                0 1

dV t t r t V t c t P D L dt t V t dW t

t t V t D t lL t dN t if D

α μ α σ α

α δ

= + − − − + −

− − − + − < ≤
 

 

where 0(0) 0V V= >  is the initial amount of wealth and ( )V t  is the amount of wealth at 

time t .12 All other variables are as defined earlier.  

 

2.3. Utility Function  

We assume that the individual is risk-averse and has a constant relative risk-aversion (CRRA) 

utility function of the form 

 

( )( ( )) = c tU c t
γ

γ
,                                                 (8) 

 

where 0 1γ< < , and (1 )γ−  is the Arrow-Pratt measure of relative risk-aversion. Thus, 

/∂ ∂U c = 0>cU  and 2 2/∂ ∂U c = 0<ccU .  

 

3. Optimization Results  

 

This section determines the optimal level of consumption, savings, and insurance deductibles 

when the stock price dynamics are influenced by the same catastrophic event as the insurable 

market.  

 

The problem is to maximize the expected utility as  

                                                                                                                                                                                     
D=1, the insured would have to cover the entire amount of the loss. 
12 The initial wealth of the insured comprises only marketable financial assets. 
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{ } { }0, , 0
max ( ( ))

T
c D U c t dtα ∫E ,                                        (9) 

 

subject to the insured wealth equation, 0c ≥ , 0≥D , and 0α ≥ . With the assumption of 

zero-one loss, the wealth equation becomes 

 

( ) [( ( ) (1 ( )) ) ( ) ( ) (1 )(1 ( )) ]
             (1 ( )) ( ) ( ) [(1 ( )) ( ) ( ) ( ) ( )] ( ).
dV t t r t V t c t D t L dt

t V t dW t t t V t D t L t dN t
α α μ λ ς
σ α α δ

= + − − − + −
+ − − − − + −

           (10) 

 

Thus, the problem is: 0 { ( ( ))}Max U c tE
 
subject to Eq. (10), 0c ≥ , 0α ≥ , and 0D ≥ .13 

The control variables are c , α , and D , and the state variable is V . 

 

Using the theory of stochastic optimal control we can write the 

Hamilton-Jacobi-Bellman (HJB) equation as  

 

2 2 20 sup{ ( ) [( (1 )) (1 )(1 ) ] 1/ 2 (1 )
            [ ( (1 ) , ) ( , )]}.

t V VVU c J r V c D L J V J
J V V DL t J V t

α μ α λ ς σ α
λ α δ

= + + + − − − + − + −

+ − − − −
  (11) 

 

See Merton (1990, Section 5) and Gollier (1994) for similar formulations of the HJB equation. 

Taking derivatives of the HJB equation with respect to c , α , and D  gives the following 

first-order conditions: 

 

(i) 0c VU J− = ; 

                                                           
13 Solving the optimization problem with the constraint 1≤D and 1α ≤ cannot be obtained analytically. We 
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(ii) 2 2( ) (1 ) ( (1 ) , ) 0V VV Vr VJ V J VJ V V DL tμ σ α λδ α δ− − − − + − − − = ; 

(iii) (1 ) ( (1 ) , ) 0V VJ J V V DL tς α δ+ − − − − = . 

 

From the first-order condition (i) we have c VU J= , implying that the individual 

consumes until the marginal utility of consumption equals the marginal utility of wealth. In 

other words, the marginal utility of spending an extra dollar on consumption today equals the 

marginal utility of saving an extra dollar. The first-order condition (ii) states that the marginal 

utility of additional wealth equals the marginal utility of taking on additional risks. The final 

first-order condition states that the marginal utility of wealth equals marginal utility of the 

loss in wealth as a result of a catastrophe. In order to solve these first-order conditions 

explicitly, we need expressions for ( , )VJ V t , ( , )VVJ V t  and ( (1 ) , )VJ V V DL tα δ− − − . 

 

The nonlinear HJB equation rarely permits a closed-form solution, but it does in the 

case of CRRA utility functions like Eq. (8). The first derivative of the utility function is given 

as 1
cU cγ −= . Let us assume that the optimal consumption satisfies the following equation 

* ( ) ( )c t V tφ= . By substituting the optimal consumption equation into the marginal utility 

equation, we obtain  

 

1 1( ) ( ) .cU t V tγ γφ − −=  

 

Substituting this into the first-order condition (i) obtains 

 

                                                                                                                                                                                     
thus solve the unconstrained version of the problem. See Grossman and Vila (1992). 
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1 1( , ) ( ) ( )VJ V t t V tγ γφ − −=                                           (12) 

 

which implies that   

 

1 2( 1) ( ) ( ) .VVJ t V tγ γγ φ − −= −                                         (13) 

 

From Eq. (12) we have  

 

1 1( (1 ) , ) ( ) ( (1 ) ) .VJ V V DL t t V V DLγ γα δ φ α δ− −− − − = − − −                    (14)  

 

Substituting Eq. (12) and (14) into the first-order condition (iii) gives 

 

1 1 1 1(1 ) ( (1 ) ) 0V V V DLγ γ γ γς φ α δ φ− − − −+ − − − − = . 

 

Simplifying and solving for D  we obtain 

 

* 1/(1 )[1 (1 ) (1 ) ]VD
L

γα δ ς − −= − − − + .                                  (15) 

 

It is clear that the optimal deductible is not separable from portfolio decisions, since α  

appears as a term in the expression for *D . Mayers and Smith (1983) obtained similar 

results under a different setting. We will come back to Eq. (15) with a more interpretable 

expression. Note that if there is only a risk-free bank account ( 1α = ), the separability 

between insurance demand and portfolio decisions remains valid as in Gollier (1994). 
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By substituting the equations ( , )VJ V t , ( , )VVJ V t  and ( , )VJ V DL tαδ −  into the 

first-order condition (ii) and with some algebra, the optimal investment in the bank account is 

given by  

 

*
2 2

1 (1 )1
1 (1 )

rμ λδ ςα
γσ σ γ

⎛ ⎞⎛ ⎞− +
= − +⎜ ⎟⎜ ⎟ − −⎝ ⎠⎝ ⎠

.                                        (16) 

 

In the special case where the dynamics of stock price is not influenced by the shock to 

insurable market the optimal portfolio selection can be expressed as  

 

*
2 2

11 1 .
1

V

VV

Jr r
VJ

μ μα
γσ σ

⎛ ⎞− ⎛ ⎞⎛ ⎞ ⎛ ⎞− −
= − = −⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎜ ⎟ −⎝ ⎠ ⎝ ⎠⎝ ⎠⎝ ⎠                             (17) 

 

The optimal investment in the bank account reflects the risk-adjusted excess return in 

the stock market ( 2( ) /rμ σ− ) and the Arrow-Pratt index of risk-aversion with current wealth 

(1 )γ− . Since 0 1γ< < , the investment in the bank account is less than one and is reduced by 

the amount 2(( ) / )(1/(1 ))rμ σ γ− − . Three observations are apparent. First, the greater the 

expected return in the stock market, the smaller the investment in the bank account (i.e. 

0/* <∂∂ μα ). Second, the greater the volatility of the stock market, the greater the 

investment in the bank account (i.e. * / 0α σ∂ ∂ > ). Finally, the more risk-averse the 

individual is, the greater the investment in the bank account (i.e. * / (1 ) 0α γ∂ ∂ − > ). These 

results are obvious and demand no further discussion. 
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In the more general case the only new feature is the addition of the last term in 

expression (16). This term reflects risk-aversion to arrival of a catastrophe, which is 

designated to affect both the stock market and the insurable asset. The greater the likelihood 

of catastrophe, the greater the investment in the bank account (i.e. * / 0α λ∂ ∂ > ).  

 

Substituting Eq. (16) into the optimal deductible in Eq. (15) yields  

 

1
* 1

2 2
1 (1 )1 (1 )

1 (1 )
V rD
L

γμ λδ ς δ ς
γσ σ γ

−
−

⎡ ⎤⎛ ⎞⎛ ⎞⎛ ⎞− +⎢ ⎥= − − − +⎜ ⎟⎜ ⎟⎜ ⎟⎢ ⎥⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠⎢ ⎥⎣ ⎦

.                 (18) 

 

Indeed, the optimal deductible is not separable from the optimal portfolio selection 

problem. It is dependent on the parameters μ , r , δ  and 2σ , which are linked to the risky 

financial assets. Several interesting implications emerge when Eqs (16) and (18) are 

examined together. First, the greater the expected return in the stock market (μ ), the lower 

the deductible. As suggested in Eq. (16), the investor removes funds from the bank account to 

the stock market in pursuit of higher yields. At the same time, the investor increases the 

demand for insurance as an offset to the riskiness in the stock market. Second, the greater the 

risk-free interest rate ( r ), the greater the deductible. The demand for insurance decreases as 

the investor secures a higher return from investing in the bank account. Third, it is 

indeterminate a priori how the volatility in the stock market ( 2σ ) affects the optimal 

deductible and the optimal portfolio selection. The net effect depends on the relative strength 

between ( )rμ −  and (1 )λδ ς+ , which reflect excess returns in the stock market and loss 

from a catastrophic event, respectively.  
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The greater the likelihood of catastrophe (λ ), the greater the deductible. While this 

result seems counter-intuitive at first glance, some studies offer theoretical support in a model 

that determines the optimal strategy when depositing in a bank account and insurance are 

available in the portfolio. Gollier (1994), for example, shows that precautionary saving is 

superior to insurance if the individual wishes to amortize the loss incurred by a catastrophe 

into a small, long-run reduction in consumption rather than into a large and short-run 

reduction in consumption.14 Accumulation of reserves in the form of deposits is desirable for 

two reasons: first, financial reserves generate a positive return and, second, reducing 

insurance coverage is profitable because insurance is costly. Dionne and Eeckhoudt (1984) 

also observe that for nonactuarial premiums, insurance may not be more efficient than saving 

for the purpose of protection.15 Eq. (16) is consistent with this prediction in that a rise in λ  

leads to increased investment in the bank account.16 Increased financial reserves allow the 

individual to retain a larger proportion of the risk in the future and to increase the deductible 

as implied in Eq. (18). If a catastrophe actually occurs, the individual reduces his/her 

financial reserve rather than drastically reduces current consumption to compensate for the 

loss.  

 

It can be shown that if the stock returns follow a simple diffusion process then the 

optimal deductible simplifies to  

])1(1[* )1(
1

γζ −
−

+−=
L
VD                                          (19) 

or in dollar terms  

                                                           
14 If, instead, the individual wishes to amortize the loss into a large and short-run reduction in consumption, 
he/she would pay an extra premium to reduce the level of deductibles. 
15 Kunreuther et al. (1995) find that underwriters set premiums between 1.43 and 1.77 times higher for highly 
ambiguous risks and uncertain losses, such as those from natural disasters, than for non-ambiguous risks. 
16 Skidmore (2001) offers empirical support in that damage caused by natural disasters is positively correlated 
with household saving rates in Japan. He concludes that households have attempted to self-insure against 
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])1(1[* )1(
1

γζ −
−

+−=VLD . 

 

The optimal deductible is a function of the amount of wealth, the value of the insurable asset, 

the loading factor, and the Arrow-Pratt index of relative risk-aversion. Clearly, the optimal 

deductible decision is separable from the optimal consumption and portfolio decision.17 This 

result is an extension of the famous separation theorems of Arrow-Mossin-Smith. In other 

words, the higher expected returns of the stock market do not influence the optimal insurance 

decision. Briys (1986) and Gollier (1994) reach the same conclusion in their framework. As 

discussed in the Introduction, however, those studies find that the optimal deductible depends 

only on the level of risk-aversion and the loading factor. We are then able to establish the 

following additional results about the optimal deductible *D .  

 

By taking the derivative of Eq. (18) or (19) with respect to V  we can deduce that the 

optimal deductible increases with wealth. This is intuitively clear as it implies that as the 

individual’s wealth increases, self-insurance becomes more desirable, making *D  larger.  

 

The following remarks relate some of the other properties in Eq. (19) to standard 

results in the literature. 

  

Remarks: (1) If L V= , * 1/(1 )[1 (1 ) ]D γς − −= − + . Hence, if the insurable asset and wealth 

are the same, we obtain the identical expression to Briys (1986). In this case, the optimal 

                                                                                                                                                                                     
catastrophic losses because risk management and insurance markets have not provided a sufficient level of 
protection. 
17 The fact that the optimal deductible for the independent risk is not affected by the option to invest in equity is 
an illustration of the classical result that the value function ( ) max ( )v z Eu z xα α= + % has the same risk 
aversion as the original utility function u  for the class of CRRA utility functions. 
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deductible is constant and is independent of wealth and the value of the insurable asset. (2) If 

the loading factor ς  is set to zero, the optimal deductible will equal zero, no matter the 

values of V , L , and γ . That is, if actuarially fair premiums are charged (i.e. 0ς = ), then 

the individual would choose full insurance. This so-called Bernoulli principle is also 

observed in Briys (1986) and Gollier (1994). (3) The more risk-averse the individual is, the 

lower the amount of the deductible, that is, * / (1 ) 0D γ∂ ∂ − < . This is a simple extension of a 

well-known property of the static demand for insurance (see Gollier, 1994). 

 

It can be shown that with a CRRA utility function optimal consumption satisfies the 

following equation (see the appendix for verification of this assertion) 

 

* ( ) ( )c t V tφ= ,                                                  (20) 

 

where φ  is a function that satisfies the following ordinary differential equation (Riccati 

equation) 

 

02 =+− φφφ
A
B&   

     

where  
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2 2

2 2

1/(1 )
2 2

2
2

1 (1 )1
1 (1 )

( 1 (1 )
1 (1 )

1 (1 )(1 ) 1 (1 )
1 (1 )

1 ( 1) (
2 (

r r

r

B
r

r

γ

μ λδ ς
γσ σ γ

μ λδ ςμ
γσ σ γ

γ
μ λδ ςλ ς κ δ ς

γσ σ γ

μσ γ
σ

− −

⎛ ⎞⎛ ⎞⎛ ⎞− +
− +⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠
⎛ ⎞⎛ ⎞⎛ ⎞− +

+ −⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠
= ⎛ ⎞⎛ ⎞⎛ ⎞⎛ ⎞⎛ ⎞− +⎜ ⎟⎜ ⎟− + − − − − +⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠⎝ ⎠⎝ ⎠

−
+ − ( )

2
/(1 )

2
(1 )) (1 ) 1

1 ) (1 )
γ γλδ ς λ ς

γγ σ γ
− −

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥

⎛ ⎞⎢ ⎥+
− + + −⎜ ⎟⎢ ⎥⎜ ⎟− −⎢ ⎥⎝ ⎠⎣ ⎦

 

 

and (1 )A γ= − − , and / 0L Vκ = > . The solution to the Riccati equation is given as (see 

appendix for the derivation of this result)  

 

/ ( )
/( )

1 exp (1 / )B A T t
B At

B A
φ − −=

− −
. 

 

By substituting the expression for φ  into the equation ( ) ( ) ( )c t t V tφ= , optimal consumption 

is given as  

 

*
/ ( )

/( ) ( )
1 exp (1 / )B A T t

B Ac t V t
B A− −=

− −
. 

 

This form for optimal consumption is standard in the literature. Consumption is a linear 

function of wealth and, as wealth increases, so does the amount of consumption. The 

derivative of c  with respect to V  gives / ( )[ / ] /[1 exp (1 / )]B A T tB A B A− −− −
 
, which is 

just ( )tφ , assumed to be positive. Like Briys (1986), we also find that the consumption 
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decision is not separable from the insurance decision, since insurance parameters appear in 

the expression for optimal consumption. The consumption function depends further on 

parameters such as the risk-free interest rate, the expected return in the stock market, the 

volatility in the stock market, and the Arrow-Pratt index of relative risk-aversion. This 

implies that the consumption function is not separable from the parameters of the asset 

market, either. Thus the insured determines his/her optimal consumption based on the 

parameters of the insurance and asset markets.  

 

 

5. Conclusion 

 

This paper has set out to derive the optimal level of deductibles for non-life insurance 

policies in continuous time. Two extensions are made to the existing literature. One is that a 

model is constructed to determine the optimal insurance demand jointly with portfolio 

decisions. In particular, we are able to assess the effect of investments in a risky stock on the 

optimal deductible decision. The analysis shows that the optimal deductible depends not only 

on the level of risk-aversion and the loading factor, but also on wealth and the value of the 

insurable asset. The latter implications, though similar to their discrete-time counterparts, are 

different from the continuous-time results obtained by Briys (1986) and Gollier (1994). The 

other extension is a generalization that allows for the arrival of catastrophic events to affect 

the stock market. Several interesting results are observed. A key finding is that the optimal 

insurance decision is intertwined with portfolio decisions and, hence, they are not to be 

treated as two separate problems. This offers counter-evidence for the separability of 

insurance demand from other investment decisions. To the best our knowledge, this finding is 

the first of its kind in the continuous-time literature on optimal demand for insurance.  

2085



 21 
 
 

 

 

 

2086



 22 
 
 

Appendix  

This appendix verifies that *c Vφ=  solves Eq. (11), which is a nonlinear partial differential 

equation: 

2 2 2

( ) [( (1 )) (1 )(1 ) ]

         1/ 2 (1 ) [ ( (1 ) , ) ( , )].
t V

VV

J U c r V c D L J

V J J V V DL t J V t

α μ α λ ς

σ α λ α δ

− = + + − − − + −

+ − + − − − −
 (A.1) 

Recall that the optimal values for consumption, α , and the amount of deductible are 

*c Vφ= , * 2 21 (( ) / )(1/(1 )) ( (1 )) /( (1 ))rα μ σ γ λδ ς σ γ= − − − + + − , and 

* 1/(1 )
2 2

1 (1 )[1 ( )( ) (1 ) ]
1 (1 )

V rD
L

γμ λδ ς δ ς
γσ σ γ

− −⎛ ⎞− +
= − + − +⎜ ⎟⎜ ⎟− −⎝ ⎠

, respectively. In addition, we have 

established that /U cγ γ= , 1( , ) 1/J V t Vγ γγφ −= , 1 1
VJ Vγ γφ − −= , 1 2( 1)VVJ Vγ γγ φ − −= − , 

*( (1 ) * , )J V V D L tα δ− − − = 1 *1/ ( (1 *) )V V D Lγ γγφ α δ− − − − , and 2( 1) /tJ Vγ γγ γφ φ−= − . 

Substituting these expressions into Eq. (A.1) yields  

2

2 2 2 2

1/(1
2 2

( 1)

1 (1 ) 1 (1 )1
1 1(1 ) (1 )

1 (1 )(1 ) 1 (1 )
1 (1 )

VV

r rr V

rV L V

γ γ
γ γ

γ

γ φφ φ
γ γ

μ λδ ς μ λ ςμ
γ γσ σ γ σ σ γ

μ λδ ςφ λ ς δ ς
γσ σ γ

−

− −

−
− =

⎡ ⎤⎛ ⎛⎞ ⎞⎛ ⎞ ⎛ ⎞⎛ ⎞ ⎛ ⎞− + − +⎢ ⎥⎜ ⎜+ − + + −⎟ ⎟⎜ ⎟ ⎜ ⎟⎜ ⎟ ⎜ ⎟⎟ ⎟⎜⎜ − −⎢ ⎥− −⎝ ⎠ ⎝ ⎠⎝ ⎠ ⎝ ⎠⎠ ⎠⎝⎝⎣ ⎦

⎛ ⎞⎞⎛ ⎞⎛ ⎞− +
⎜ ⎟− − + − − − − +⎟⎜ ⎟⎜ ⎟ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠ ⎠⎝ ⎠

( )

) 1 1

2
2 2 1 2

2 2

1 1

1 (1 ) 1/2 ( 1)
1 (1 )

 [1/ (1 ) 1/ ].

V

r V V

V V DL V

γ γ

γ γ

γγ γ γ

φ

μ λδ ςσ γ φ
γσ σ γ

λ γφ α δ γφ

− −

− −

− −

⎡ ⎤⎛ ⎞
⎢ ⎥⎜ ⎟

⎜ ⎟⎢ ⎥⎝ ⎠⎣ ⎦

⎛ ⎞⎛ ⎞⎛ ⎞− +
⎜+ − −⎟⎜ ⎟⎜ ⎟ ⎟⎜ − −⎝ ⎠⎝ ⎠ ⎠⎝

+ − − − −

  (A.2) 

Collecting V γ and dividing both sides by 2( 1) γγ φ
γ

−−
−  simplifies Eq. (A.2) to  

2 0B
A

φ φ φ− + =   (A.3) 
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where (1 )A γ= − −  and 

2 2

2 2

1/(1 )
2 2

2
2

1 (1 )1
1 (1 )

( 1 (1 )
1 (1 )

1 (1 )(1 ) 1 (1 )
1 (1 )

1 ( 1) (
2 (

r r

r

B
r

r

γ

μ λδ ς
γσ σ γ

μ λδ ςμ
γσ σ γ

γ
μ λδ ςλ ς κ δ ς

γσ σ γ

μσ γ
σ

− −

⎛ ⎞⎛ ⎞⎛ ⎞− +
− +⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠
⎛ ⎞⎛ ⎞⎛ ⎞− +

+ −⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠
= ⎛ ⎞⎛ ⎞⎛ ⎞⎛ ⎞⎛ ⎞− +⎜ ⎟⎜ ⎟− + − − − − +⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟⎜ ⎟− −⎝ ⎠⎝ ⎠⎝ ⎠⎝ ⎠⎝ ⎠

−
+ − ( )

2
/(1 )

2
(1 )) (1 ) 1

1 ) (1 )
γ γλδ ς λ ς

γγ σ γ
− −

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥
⎢ ⎥

⎛ ⎞⎢ ⎥+
− + + −⎜ ⎟⎢ ⎥⎜ ⎟− −⎢ ⎥⎝ ⎠⎣ ⎦

 

 
and / 0L Vκ = > .  

Solving Eq. (A.3) for φ  gives 

/ ( )

/( )
1 exp (1 / )B A T t

B At
B A

φ − −=
− −

. 

Plugging into the equation ( ) ( ) ( )c t t V tφ=  yields optimal consumption as 

*
/ ( )

/( ) ( )
1 exp (1 / )B A T t

B Ac t V t
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1. Introduction

Globalization can be defined as the increased integration of economies, reflected in international flows of

trade, capital, investment and migration. The movement of financial assets from their domestic country

to the rest of the world -and viceversa- has been part of what is referred international financial integration

or what some authors have labeled financial globalization. It is generally accepted that there has been

an increase in the degree of international financial integration over the last two decades. As a result, this

phenomena has become an increasingly relevant issue and a topical area of research for many economists.

Some initiatives such as the Financial Services Action Plan (FSAP) to integrate European financial mar-

kets and the degree to which these have been achieved to date have triggered off a lot of studies on the

issue to flourish.

In a recent study, Lane and Milesi-Ferretti (2008) use simple measures of integration such as the level

of foreign assets (liabilities) as a share of GDP. They observe that financial globalization is complex and

its level among countries is heterogeneous, highlighting that the developed economies play a bigger part

in the process. Developed countries account for over 90% of the total outstanding foreign liabilities,

about 8% belongs to emerging countries and the rest to other developing countries. According to Kose

et al. (2006), Moshirian (2008), the current data indicates that developed countries have been the most

significant beneficiaries of financial globalization, followed by certain emerging countries.1

However, the empirical evaluation of financial integration, and its causes and consequences are still

very limited. The reason for this is that the usual integration measures ignore important factors in

the globalization process, which is characterized not only by the growing degree of openness but also

by a network of interconnections that is becoming more and more dense (OECD (2004); Arribas et al.

(2008a,b)).

The objective of this work is to analyze the determinants of countries’ financial integration in the case

of banking assets by using an approach that will overcome some of the limitations mentioned earlier. The

main methodological contribution is that the integration indicators used measure both the openness and

the connectedness of the network which forms bilateral flows between countries. Following the proposal

by Arribas et al. (2008b), the level of integration depends on the proportionality between financial flows

among economies and their size. This approach is used for measuring the degree of countries’ banking

integration (the dependent variable) as well as its determinants. By acknowledging the role of bilateral

connections between economies, the geography of trade relations and the distance between countries

becomes central in the interpretation of integration.

The empirical analysis of financial integration is also limited because of the available data and as a

result is conditioned by markets (money, corporate-bonds, equity, banking). It is frequently concluded

that some of them seem to have made greater progress than others in terms of integration. As found by

Baele et al. (2004), the unsecured money market is fully integrated, while integration is reasonably high in

the government- and corporate-bond markets, as well as in the equity markets, whereas the credit market

1Such data confirms the work by Obstfeld and Taylor (2005) regarding the patterns of financial globalization both in the
19th and then in the 20th century.

1

2092



Electronic copy available at: http://ssrn.com/abstract=1257610

is among the least integrated, especially in the short-term segment.

Our work focuses on analyzing the integration of banking systems in developed countries, between

1999 and 2005, using available data on bilateral exchange of assets between a set of 18 countries, which

represents 83% of the world financial assets in 2006. We analyze bank outflows and inflows separately,

which allows us to identify significant differences between their determinants. Differences can also be

found between the variables which explains the two components of the degree of integration: the degree

of openness and the degree of connectedness between banking systems. The determinant variables have

been chosen while taking into account previous literature on this subject and the available data. New

evidence from the results shows the importance of the relation between financial and trade integration,

the influence financial development has on integration, the important role a country’s social capital plays

in attracting inflows, and the advantage (disadvantage) that a central geographical location (peripheral)

represents for countries

Following the introduction, the paper is structured as follows. In Section 2 we survey the literature

related to the approach adopted here, highlighting the most relevant contributions. In Section 3 we

define the Standard of Perfect Financial Integration (SPFI) and characterize the indicators of the degree

of financial openness, the degree of financial regularity, and the degree of financial integration for each

country and for the global financial markets as a whole. In Section 4 we present the data used to apply

our methodology to the case of banking systems. Section 5 analyzes the empirical evidence obtained on

the integration of the banking systems, and Section 6 concludes.

2. Relevant literature

The literature on financial globalization is becoming increasingly voluminous, because its study gains

relevance when realizing the huge increase in international capital flows in recent years.2 According to

the evidence, financial integration is more asymmetric in the sense that it is primarily confined to rich

countries, whereas trade is actually more globalized because de flows are more intense among all type of

countries. Since emerging countries financial trade is much lower than that for advanced economies, in

some cases the situation is changing. Anyway, the asymmetries exist also between developed countries

and can be considered from several points of view. That makes reasonable that the indicators of financial

integration take into account the architecture of financial flows between economies. Consequently, financial

globalization it is not only a matter of being more open but also a question of diversifying financial asset:

the more internationally diversified and equilibrated is our asset trade, the highest the financial integration

is (Arribas et al., 2008b).

Which is the present level of financial integration actually? At the beginning of the XXI century, several

papers considered that, despite the forces that represent a drastic reduction in barriers to competition in

the financial services industry (abolition of barriers, deregulation, improvements in information processing

2Part of this literature deals with the interest of EU on financial integration and the establishment of the Financial
Services Action Plan (FSAP) in 1998, as an initiative to integrate financial markets, by establishing deep and liquid capital
markets in Europe and to broaden consumer choice.
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and telecommunications) the financial services industry, and commercial banking in particular, currently

remain far from globalized. The evidence suggests that borders and distance continue to play an important

role in the geographic orientation of financial flows, and that domestic bias is very relevant in the resources

allocation. In particular, many banking services remain local, probably as a consequence of competitive

advantages that the superior information of banks about local and non financial suppliers and customers

represents Berger (2003b,a); Berger et al. (2003, 2000).

However, the evaluation of the level of financial integration depend on the measures considered. Pre-

vious studies may be classified into two groups: those which use price-based measures, and those using

quantity-based measures. Studies falling into the former category use the law of one price (LOP or LOOP),

according to which, in financially integrated markets, assets generating identical flows should be priced

identically, irrespective of where they are transacted. However, these measures suffer from theoretical and

practical problems if assets are not homogeneous, especially for emerging markets or developing economies

in which we are in presence of wide differentials of trust and confidence. In these economies, returns on

financial instruments may incorporate risk and liquidity premia that are difficult to quantify and, in gen-

eral, domestic financial markets might simply not be deep or liquid enough to allow for efficient arbitrage

of price differentials (Kose et al., 2006). In addition, in banking it is often impossible to verify whether

the LOOP holds, owing to wide differences in banking products and lack of data.

Some authors Pérez et al. (2005) argue that even if the LOOP holds because trade and monetary

barriers are levied, economic integration may not be a natural phenomenon and people still hold a dis-

proportionate share of domestic assets. The generalization of the problem of domestic bias is apparent in

the asymmetries observed in the financial investments outside the countries which frequently show strong

geographical bias. Under these circumstances, it is important to specify the standards under which we

should calculate quantity-based for measuring financial integration. Until very recently, quantity-based

studies of financial integration are concentrated in openness indicators and have not considered that in-

tegration may advance also because countries are more balanced in their relations with their financial

partners.

Some authors label the “home bias in portfolios puzzle” (Coeurdacier, 2006). The evidence of the

difference between de jure financial integration and de facto financial integration3 indicates that economic

agents might be reluctant to go abroad, because of the institutional barriers of source and destination

countries (for instance, in terms of property rights and law enforcement), or the influence of regulation

(Papaioannou, 2008), or the available information on the foreign markets. Geographically neutral financial

flows would exist if a country B’s share of A’s outflows is equal to B’s share of total world assets outside

of A. In case we discard this fact, our measures of international financial integration would be biased

because of not including the potential asset trade diversion due to the changes in factors as a common

3The shortcomings of the jure measures of integration are related to a variety of facts such as: (i) they do not accurately
reflect the degree of openness of the capital account, since they are partially based on restrictions associated with foreign
exchange transactions, which may not necessarily impede capital flows; (ii) they do not capture the degree of enforcement of
capital controls (or the effectiveness of that enforcement), which can change over time even if the legal restrictions themselves
remain unchanged; (iii) these measures do not always reflect the actual degree of integration of an economy into international
capital markets (Kose et al., 2006).
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currency, trade agreements, or several types of distance between countries.

The way of dealing with the role of barriers to integration is twofold. The first consists of taking them

into account when defining a Standard of Perfect Financial Integration (Arribas et al., 2008b), that is to

say the measures of the level of attained and attainable integration.The second option is is to focus on

the study of the determinants of integration , as we shall do in this work.

Unfortunately, as stated by Portes and Rey (2005), there are very few well-established results on the

determinants of international trade in assets. Although some work has been impeded by data problems,

the absence of a little theory underlying each study has resulted in studies which are mostly exploratory

in nature. This literature has received renewed attention, but results vary a great deal because of the

multiplicity of angles, such as the type of indicator used to measure integration (prices or quantities), the

type of financial data considered (banking data or other assets), the coverage of the sample (global vs.

regional comparisons), etc.

Lane and Milesi-Ferretti (2003, 2008) distinguish seven groups of determinants of financial integration

level: (a) trade openness; (b) domestic financial development; (c) economic development; (d) country

size; (e) capital account restrictions; (f) EU integration; and (g) financial centers. Other recent studies

extend the analysis to account for the role of politics and institutions (Papaioannou, 2008), and the social

capital (Ekinci et al., 2008). Recent evidence shows also that geographical and cultural distance between

economies also play a non-negligible role (Aviat and Coeurdacier, 2007; Papaioannou, 2008; Portes and

Rey, 2005), as both financial and trade openness go hand in hand.

The adaptation of the gravity equation framework to describe the international asset flows is much

more recent. The seminal paper by Portes and Rey (2005) integrates elements of financial literature on

portfolio composition, and international economics and asset trade literature. In their analysis, asset

flows depend on market size in both source and destination country, as well as trading cost, in which

information and transaction technology play a role. From this perspective, distance may also be important

in the financial cross-border activities because of proxies information costs, and should permit the limited

reduction observed in domestic or regional biases of flows to be explained. In this way, the geography of

information appears as a main determinant of the pattern of international financial transaction.4

The literature analyzing regionalism (and its effects on the intensity of intra-regional and extra-regional

trade) also consider the problem of prioritizing some connections over others vs no-country, or no-regional,

preference situation. The concept of geographic neutrality5 may be defined as the absence of preferential

directions in flows: the geographic distribution of a country’s trade is said to be neutral if the weight

of every partner in the country’s trade is equal to its weight in the world trade.6 Following a similar

4Many papers have recently used gravity equations to describe financial flows. See, for instance, Mody et al. (2003) and
Buch (2005) (foreign direct investments); Papaioannou (2008) (bilateral banking); Aviat and Coeurdacier (2007) (bilateral
equity banking).

5See Iapadre (2006), Gaulier et al. (2004), and the references there for a discussion on the measures of regional trade
intensity and their limitations.

6The situations of no-geographic preferences in flows would be an important reference to our analysis of the level of
financial integration.They can be considered equivalent to scenarios called “zero gravity” in some studies (for instance Eaton
and Kortum, 2002), because distance does not matter and/or remoteness does not exit. In these situations economies would
be perfectly integrated through a complex network of connections.
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approach in the financial area, Manna (2004) develops statistical indicators of the integration of the euro

area banking system which estimate home bias and the distance of the actual distribution of cross-border

positions from the distribution prevailing under the assumption of no-country preference.

To uncover the structure of the financial network that economies forge, we can contemplate the relations

or flows between them as the vectors of a graph in which the nodes represent the countries, and then

analyze the degree of connectedness in the network. The use of techniques of complex network analysis

is not new in social sciences,7 and it has attracted recent interest in international economics8 and has

attracted recent interest.9

On the basis of these premises, the rest of our study present indicators of financial integration which

take into account the degree of financial openness, as well as the regularity of the connections between

countries’ financial systems, and analyzes their determinants.

3. International financial integration indicators

As indicated previously, we consider that financial globalization is a complex phenomenon and, as such,

indicators designed to measure it should attempt to uncover all aspects of this complexity, distinguishing

explicitly that openness and integration might not necessarily be the same thing.

The integration of international financial markets starts with the cross-border financial flows, but its

effects and scope also depend on the structure of current relations between the financial markets. Relevant

aspects of this structure include the number of countries each country is in contact with, whether the

relationships are direct or indirect (i.e., whether flows cross third economies), the volume of cross-border

financial activity between them, and the proportionality of this activity to the size of the financial markets.

We define the relative flow (banking assets or liabilities) or degree of openness of country i as

DFOi =

∑

j∈N\i Xij

̂Xi

(1)

where N is the set of countries, i and j typical members of this set, Xij refers to the financial market

activity between countries evaluated as either the cross-border flows of assets or liabilities. We define ai

as the country i’s relative weight with respect to the world economy, i.e., ai = Xi/
∑

j∈N Xj , then ̂Xi is

the flow from country i to the world taking into account the weight in the world economy of the country

7See, for instance, the literature on social networks, examples of which include Annen (2003), Hanneman and Riddle
(2005), Wasserman and Faust (1992), Wellman and Berkovitz (1988), or Rauch (2001).

8Several studies highlight the importance of information flowing through cultural, political or economic ties (Rauch, 1999,
2001; Rauch and Trindade, 2002; Rauch and Casella, 2003; Greaney, 2003; Pandey and Whalley, 2004; Combes et al., 2005).

9Different studies analyze the structure and dynamics of international trade, using instruments such as centrality, network
density, clustering, assortative mixing or maximum flow. The applications of these techniques to the study of the WTW
focus their interest on the topological properties of the world network, and the evolution of the degree of connectedness
among countries, the influence of the level of development on the position (central and peripheral) of the countries, and the
role of the regional connectedness in the globalization context (Kali and Reyes, 2007), and economic growth (Kali et al., 2007;
Fagiolo et al., 2007a). Most of this literature values the importance of trade flows establishing a threshold (binary links)
(Kim and Shin, 2002; Garlaschelli and Loffredo, 2005). However, some recent works (Fagiolo et al., 2007a,b) apply concepts
of weighted network analysis (Barrat et al., 2004; Barthélemy et al., 2005) and study the intensity of flows specifically. They
also look at if there is any symmetry in the relation between nodes in both directions (i.e., outflows and inflows), in which
case the importance of flow does not depend on the direction of flow itself. This is not the case with bank flows, where the
differences in direction turns out to be relevant.
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under analysis, namely, ̂Xi = Xi − aiXi.

The degree of financial openness yields nonnegative results, where a value lower that 1 indicates that

its cross-border banking flows are lower than the corresponding given the country’s share of the world

banking assets; and a value higher than 1 indicates that country i’s cross-border banking flows are higher

than those corresponding given the country’s share of the world banking assets.

Table 2 shows, in the columns 1 through 4, the evolution of this ratio for both cross-border flows of

assets, DFOout or liabilities, DFOin, over the period 1999–2005 for a set of 18 countries. Statistics show

a tight upward trend in both cases, which has increased by roughly 50%.

However, the international integration is not only a question of increasing the openness of countries but

also od developing a network of direct and indirect relations between economies. From the globalization

perspective it cannot be disregard the architecture of financial trade connections that each country has

with the rest of the world.

When geographic barriers disappear, the effect of relative distance slowdowns and the shares of different

countries in the financial assets/liabilities of a country ought to be closer to the GDP’s shares. In a extreme

scenario of eradication of every possibility of remoteness (Scholte, 2002), only the economic dimension of

partners will matter (Arribas et al., 2008b).

To analyze whether the connection of one country with others is proportional to the size in terms of

banking assets or liabilities, we define the degree of direct financial connections, which measures the

discrepancy between the direct cross-border financial flows in the real world and those corresponding to

world where a country balance its financial relationships with other individual countries in proportion to

the size of their financial systems.

DDFCi =

∑

j∈N αijβij
√

∑

j∈N (αij)
2

√

∑

j∈N (βij)
2

. (2)

where A = (αij) is the square matrix of relative flows, αij =
XijP

j∈N\i
Xij

when i 6= j and αii = 0; B = (βij)

is the square matrix of degrees of openness in the perfectly balanced connected world, βij =
XjP

k∈N\i
Xk

with βii = 0.

If we also consider the indirect relations between countries along with their importance we define the

degree of total financial connections:

DTFC
Γ

i =

∑

j∈N αΓ

ijβ
Γ

ij
√

∑

j∈N

(

αΓ

ij

)2

√

∑

j∈N

(

βΓ

ij

)2
. (3)

where γi ∈ (0, 1) is the proportion of flow that country i receives from another country and remains

invested in the first one. Under the assumption that this proportion is equal to the proportion of financial

flows of country i that remains as home financial investment, we can estimate γi = Xii/Xi (Arribas et al.,

2008c). Then let Γ be the square diagonal matrix of direct flow proportions, so that the element ii of Γ

is γi and the element ij, for i 6= j, is zero. The matrix of total flows from one country to another is the
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sum of the direct and indirect flows and can be estimated as

A
Γ =

∞

∑

n=1

Γ(I − Γ)n−1
A

n
, (4)

B
Γ =

∞

∑

n=1

Γ(I − Γ)n−1
B

n (5)

where I is the identity matrix of order g. Let αΓ

ij be the element ij of the matrix AΓ and βΓ

ij be the

element ij of the matrix BΓ.

The degree of regularity by total connections ranges in the (0, 1) interval, and it measures the distance

of the direct and indirect financial flows of a country from what its financial flows would be in a perfectly

connected world. It should be close to 1 when the financial flows of a country are proportional to the size

of the receiver countries (indirect international neutrality) and close to zero if the largest countries do not

receive any financial services and the smallest receive all of them.

In contrast to DFO, Table 1 shows that the degrees of regularity of financial connections have a

higher level yet rather fuzzy pattern. DDFCout is slightly increasing meanwhile the pattern of DDFCin

is rather unstable.

The degree of financial integration combines degrees of financial openness and direct connection,

provided that both set limits to the integration level achieved.

DFI
Γ

i =
√

min{1/DFOi, DFOi}·DDFCΓ

i (6)

The degree of integration of a country is the geometric average of its deviation from the balanced

degree of openness and regularity by total connections.

4. On the determinants of international financial integration

Previous initiatives analyzing the determinants of cross-border asset holdings have considered a wide range

of covariates. Unfortunately, as indicated by Portes and Rey (2005), there are very few well-established

results on which the most relevant drivers of international trade in assets are. One of the most well-

established results is that by Aviat and Coeurdacier (2007), who found that trade in goods and trade

in assets are closely related. Another key finding is that by Portes and Rey (2005), who noticed that

market size, efficiency of the transactions technology, and distance are the most important determinants

of transaction flows. These studies, while being important, cannot be directly compared to ours, since they

use bilateral data in their regressions. This enables their authors to using some interesting information

such as—in the case of Portes and Rey (2005)—the distance between each country pair, the volume of

telephone call traffic, the number of branches in country j of banks headquartered in country i, the number

of trading hours overlap between the main financial centers of each country pair, or the covariance of stock

market returns. Aviat and Coeurdacier (2007) extend these covariates by considering also whether each

country pair shares the language and their legal systems, if there is a colonial link, or bilateral tax treaties,

7
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among others. Most of these variables are relevant and interesting but remain out of our reach because

of their bilateral nature. Therefore, although our indicators of financial integration have the clear virtue

of being country-specific, this advantage turns a disadvantage when analyzing the determinants, since it

impedes the usage of bilateral information.

On the other hand, there are authors such as Lane and Milesi-Ferretti (2003, 2008) who do not use

bilateral information for analyzing the determinants of foreign assets and liabilities but country-specific

information. Accordingly, their set of covariates differs when compared to the studies by Portes and

Rey (2005) and Aviat and Coeurdacier (2007), but there are also several important coincidences such

as the relevance of trade openness and financial development.10 Therefore, our set of drivers of financial

globalization are rooted in the literature, taking into account both types of studies, namely, those focusing

on bilateral data and those using on unilateral data.

Our first driver of financial integration is trade openness, which follows the above cited studies by

Portes and Rey (2005), Aviat and Coeurdacier (2007) or Lane and Milesi-Ferretti (2003, 2008). Although

the way through which trade influences financial flows remains unclear (see Aviat and Coeurdacier, 2007,

for a detailed analysis), the sign of the relationship is generally found to be positive. Some reasons

suggest that trade in goods directly results in corresponding financial transactions such as, for instance,

trade credit, transportation costs, or export insurance (Vo and Daly, 2007). Obstfeld and Rogoff (2000)

indicate the gains to international financial diversification and the extent of goods trade are strongly

related because of the wedge created by trade costs between marginal rates of substitution, curbing the

gains to asset trade. In addition, FDI often makes financial positions and trade in goods to be jointly

determined. Finally, some authors such as Lane and Milesi-Ferretti (2003) suggest that openness in goods

markets might create an increased disposition for asset trade (the so-called “familiarity effect”), reducing

home bias. These studies use to measure trade openness via standard measures such as total trade to

GDP, and related. Alternatively, we propose using trade indicators analogous to the financial integration

indicators introduced in Section 3. Hence, the degree of trade openness (DTO) would be equivalent to the

degree of financial openness (DFO), the degree of direct trade connection (DDTC) would be equivalent

to the degree of direct financial connection (DDFC), and the degree of trade integration (DTI) would

be equivalent to the degree of financial integration (DFI). All definitions are analogous, and the only

differences relate to the nature of the flows (data on trade in goods instead of trade in assets), and the fact

of using GDP instead of the size of the financial sector. Therefore, the DTO follows the usual definition

found in the literature but corrected for home bias (in order to take into account that larger countries

trade less). The DDTC measures the gap between the real trade flows (both direct and indirect) and

those corresponding to a perfectly trade integrated world, in which countries export proportionally to the

size of the recipient economy, and the DTI is the geometric average of both the DTO and DDTC.

Portes and Rey (2005) have shown that distance, as a proxy for informational costs, has a strong

negative effect on assets’ trade flows, even when other informational proxies are considered. The difference

10The set of covariates used in Lane and Milesi-Ferretti (2003) differs from that used in Lane and Milesi-Ferretti (2008)
because the former study focused on advanced economies only, whereas the second also focused on developing countries.
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in the information that agents have and manage about financial markets generates the so called “home

bias puzzle”, also reported by the literature on home equity bias (Lewis, 1999): the proportion of foreign

assets held by domestic investors is too small relative to the predictions of standard portfolio theory. Some

studies such as Kang and Stulz (1997) have searched for explanations, finding reasons for the asymmetric

information that domestic and foreign investors manage, while others such as French and Poterba (1991)

talk about a “familiarity” effect. Home bias has declined significantly in the last decade but important

deviations from full diversification still exist. Given that our cross-border financial measures are country-

specific, it is not possible to include the bilateral distance between each country pair i and j. Instead,

we use a remoteness index (REMOTE), which measures the distance between each i country and the

rest of the world. It has been constructed following the proposal by Nitsch (2000) and Deardorff (1998),

who indicated that the relative distances of trading partners have an impact on the volume of trade and,

consequently, remote countries such as Australia and New Zealand can be expected to trade more with

each other. The hypothesized sign is that remoteness should not be a priori relevant for cross-border asset

trade, since transportation costs for financial assets are zero. However, as found by Portes et al. (2001),

distance does matter for cross-border asset trade and consequently the expected sign should be negative.

Recently, there has been extensive research effort put into answering the question, “do differences in

beliefs and preferences vary systematically across groups of individuals over time and do these differences

explain differences in outcomes?”. As indicated by Ekinci et al. (2008), in some cultures banks are not

trusted and cash (or precious metals) is the only accepted store of value. Such savings vehicles are not

optimal for financial intermediation and, thus, financial integration. In this paper we consider the terms

social capital and culture as synonyms, and assume trust and confidence are important determinants of

both. In these circumstances, since financial contracts are trust-intensive, people will likely to invest less if

they trust each other less and have no confidence in institutions, i.e., when the level of social capital is low

(Ekinci et al., 2008). As found by Guiso et al. (2004), for financial exchange, not only legal enforceability

of contracts matters but also the extent to which the financier trusts the financee. Therefore, we consider

that the degree of financial openness and financial integration may depend on social capital—which we

measure following several approaches.11 Other authors that have consider the influence of this type of

variables on financial openness and financial integration are Aviat and Coeurdacier (2007), or Papaioannou

(2008). The former uses an index of corruption for both the importer and exporter countries, since it

is likely that hidden bribes reduce transactions in international markets. The latter finds that foreign

banks invest substantially more in countries with uncorrupt bureaucracies, high-quality legal system, and

a non-government controlled banking system. These type of effects have also been analyzed by Anderson

and Marcouiller (2002), who find that corruption and imperfect contract enforcement dramatically reduce

international trade.

Some authors such as Ekinci et al. (2008) use the trust and confidence variables provided by the World

Values Survey to proxy for social capital. The trust variable reports whether respondents agree with

11However, we must also admit that, as indicated by Fukuyama (2002), there is no agreement on what social capital is,
which he defines as cooperation among people for common ends on the basis of shared informal norms and values.
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the statements “most people can be trusted” and “I trust other people in the country”. The confidence

variable reports whether respondents agree to have confidence in the courts, the parliament, and other

institutions. Unfortunately, both these two variables have no time dimension. Alternatively, another

variable that is becoming increasingly used in the literature (see, for instance Laeven and Majnoni, 2005)

is the index constructed by the Heritage Foundation, which merges information on regulation, trade,

taxation, government, monetary, investment, financial, property rights, and corruption.

We also consider some financial development-related variables considered by Lane and Milesi-Ferretti

(2008, 2003) and, in general, the literature on the drivers of financial integration. As indicated by Vo

and Daly (2007), well developed financial markets may attract foreign investors seeking to diversify their

portfolios. Some authors such (Henry, 2000a,b) have corroborated these claims, finding that financial mar-

ket development impacts strongly on investment and international financial integration. Others (Portes

and Rey, 2005) have found that market size, transactions costs and informational frictions influence the

magnitude of gross cross-border capital flows. The approaches vary from study to study. Lane and Milesi-

Ferretti (2008) consider a single variable for measuring the level of financial development (FINDEV ),

made up by the sum of stock market capitalization and bank deposits as a share of GDP. Since both

components of FINDEV are available, we will consider the impact of MKTCAP and DEPOSITS on

financial integration individually. Both variables are divided by GDP. Some other studies such as Lane

and Milesi-Ferretti (2003) have also considered these variables separately.12 Another financial develop-

ment variable refers to the number, and size, of the stock exchanges in each country. This information

is included in the analysis using two additional variables, namely, FIN10 (the number of each country’s

financial centers among the top ten world financial centers) and FIN1050 (the number of each country’s

financial centers among the top 50 world financial centers, excluding those included in FIN10). We also

consider the EURO dummy, taking the value of 1 for euro-area countries.

We include some variables to control for macroeconomic conditions in the country under analysis. First,

we consider the per capita income level in each country (GDPPC), which has been employed by Lane and

Milesi-Ferretti (2008, 2003). Other previous studies have used this variable on the grounds that countries

which are rich and well educated tend to be highly integrated (Edison et al., 2002). Second, we consider

CPICH , which is the consumer price index change in each country (Papaioannou, 2008). Lemmen and

Eijffinger (1996) have also found that inflation rates significantly explain international financial integration

within the European Union. Some authors (Vo and Daly, 2007) argue that inflation might serve as a proxy

for economic instability and, therefore, lead to a domestic currency depreciation which deterred foreign

investors. However, the validity of this argument would be thwarted in case high inflation countries were

members of a currency union—which is the case for most countries in our sample. Unfortunately, there are

some econometric problems when introducing some of these variables jointly because correlation among

them (especially GDPPC and CPICH) is high.

Finally, we have also explored (but do not report) the impact of some other potential determinants such

12In particular, they consider STKCAP , which measures stock market capitalization, and FINDEPTH, which measures
the ratio of liquid liabilities to GDP.
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as the efficiency of the banking systems. It could be the case that inefficient banking systems encourage

the entry of foreign banks from efficient banking systems. However, this variable was insignificant and

did not alter the other results.

5. Empirical methodology

5.1. Parametric and nonparametric models

Therefore, the absence of well-established theories on the determinants of international financial integra-

tion constitutes an important difficulty for both selecting the relevant covariates and, more importantly,

for specifying which the correct functional form might be. Indeed, some authors consider this can only be

an exploratory exercise “given the lack of firm theoretical priors and the sparse prior literature” (Lane and

Milesi-Ferretti, 2003). Therefore, not only Lane and Milesi-Ferretti (2003) but also other previous studies

such as Vo and Daly (2007), Lane and Milesi-Ferretti (2008) or Pérez et al. (2005) generally consider

least squares for their estimations, with more or less level of complexity. These are parametric methods

estipulating functional forms on the nature of the relationship between financial integration and its set

of determinantes. Linearity is usually imposed, but this is an assumption which does not always hold,

constituting a certain arbitrariness. Another related bias comes from the differential effects that the de-

terminants might have on the tails of the distribution of financial integration. Therefore, a more complete

picture of covariate effects can be provided by estimating, for instance, a family of conditional quantile

regressions (Koenker, 2005, p.20). These questions can be important in the our specific setting in which,

as documented by Lane and Milesi-Ferretti (2008), the magnitude of national financial integration is dif-

ferent when comparing countries with different characteristics in the sample—in their case, developed and

developing countries showed very dispar levels of financial integration. This could imply that the effect of

the covariates on financial integration might not be constant over the conditional distribution.

Under these circumstances we consider nonparametric regression models which provide an interesting,

more flexible, alternative to explore the determinants of financial integration. However, as indicated by

Sperlich (2006), there is a continuing lack of applications of non- and semiparametric methods in the

empirical research in economics and applied econometrics. Yet by relaxing the functional form assumed

by parametric models which is commonplace in the literature, it will be possible to assess the magnitude of

the bias they generate. In addition, multicollinearity problems, which often plague the estimations on the

determinants of financial integration, are strongly alleviated. Finally, the use of quantile regression makes

it possible to evaluate the impact of the independent variables at different levels over the conditional

distribution of financial integration.

The parametric model we estipulate for estimating how the different covariates affect the levels of

DFOout, DFOin, DFIout and DFOout,

Yi = β0 +

V
∑

j=1

βjZi + εi (7)
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where Yi represents each of the dependent variables (DFOout, DFOin, DFIout and DFOout), Zi are the

covariates, V is the number of covariates, and εi is the error term.

The nonparametric counterpart to (7) is based in the Li-Racine Generalized Kernel Estimation (Racine

and Li, 2004; Li and Racine, 2004), who consider a nonparametric regression model

Yi = m(Zi) + εi, i = 1, . . . , N (8)

where Yi is the dependent variable of interest (either financial openness or financial integration), m(·) is

the (unknown) functional form, Zi is a vector of regressors that may be either continuous or categorical,

εi is a mean zero additive error, i is the country, and N the total sample size. Since regressors may

be either continuous or discrete (although the EURO variable is the only categorical variable in our

study), we define Zi = (Zc
i , Z

d
i ) where Zc

i refers to vector of continuous regressors, and Z
d
i refers to the

vector of dichotomous regressors. Therefore, we are in the frequent case in which the underlying data

is a mix of categorical and continuous data, which goes beyond the scope of traditional nonparametric

kernel methods—which presumes that the underlying data is continuous in nature. In this case we should

consider “generalized product kernels” as those presented by Li and Racine (2007).

For the continuous variables case we can use, for instance, the second order Gaussian kernel, whose

expression is:

w(xc
, X

c
i , h) =

1
√

2π
exp

{

−
1

2

(

X
c
i − x

c

h

)2}

. (9)

where h is the bandwidth and the weights integrate to unity.

If instead the variable was discrete, then we must first distinguish the cases where the categorical data

is “ordered” and that in which it is not. Defining as Sd the support of Xd, and using xd
s and Xd

is to

denote the sth component of xd and Xd
i (i = 1, . . . , N), respectively, we define a discrete univariate kernel

function for xd
s and Xd

is ∈ {0, 1, . . . , cs − 1} (see Aitchison and Aitken, 1976) as:

l
u(Xd

is, x
d
s , λs) =











1 − λs if Xd
is = x

d
s

λs/(cs − 1) if Xd
is 6= xd

s .

(10)

In contrast, when some of the discrete variables are ordered (“ordinal categorical variables”), then we

use a kernel function capable of reflecting their ordered status (Hayfield and Racine, 2008). Thus, if we

assume that xd can take on cs different ordered values, i.e., {0, 1, . . . , cs − 1}, some authors (Aitchison

and Aitken, 1976) suggest using the following kernel function:

l
o(xd

s , v
d
s , λs) =

(

cs

j

)

(11)

5.2. Comparing parametric and nonparametric models

Model selection can be improved using, for instance, the criteria suggested by Henderson and Millimet

(2008), who establish three possible ways, namely, the Hsiao et al. (2007) test, the Li (1996) test based on
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the comparison of density functions, and evaluating the forecast accuracy. The methods we propose follow

closely their first two proposals, whereas we introduce some variations to the forecast accuracy method.

5.2.1. Hsiao test

First, they propose employing the Hsiao et al. (2007), whose null hypothesis is that the parametric

model is correctly specified (H0 : Pr[E(x|z) = f(z, β)] = 1), against the alternative that it is not

(H1 : Pr[E(x|z) = f(z, β)] < 1). Therefore, the focus is exclusively on the parametric model. The test

statistic is

JN =
N

(

̂λc
)

q

2
̂IN

σ̂N
∼ N(0, 1) (12)

This statistic is based on IN ≡ E

(

E(ε|z)2f(z)
)

, where ε = y − f(z, β), and IN is non-negative and

equals zero if and only if the null hypothesis is true. The estimation of each ̂IN and σ̂ corresponds to:

̂IN =
1

N2

N
∑

i=1

N
∑

j=1

j 6=i

ε̂iε̂jKbh (13)

and:

σ̂N =
2
(

̂λc
)q

N2

N
∑

i=1

N
∑

j=1

j 6=i

ε̂
2

i ε̂
2

jK
2bh (14)

where K is the product kernel, ̂λc(̂h) is the optimally chosen bandwidth for the continuous covariates,

and q is the number of continuous regressors. Should the null hypothesis be false, then JN diverges to

positive infinity.

5.2.2. Testing the closeness between model predictions

The Hsiao test is designed for ascertaining the suitability of the parametric model. Complementarily,

we can test which is the ability of different models for fitting the observed data. For this, we formally

test whether the predicted values from the parametric and nonparametric differ significantly from the

observed data. We can also test the predicted values from the parametric model against the predictions

of the nonparametric one. Therefore, if f and g were the distributions corresponding to, let us say, the

parametric model and the observed data, the null would be H0 : f(x) = g(x) against the alternative,

H1 : f(x) 6= g(x).

The test we use is based on the generally accepted idea of measuring the global distance (closeness)

between two densities f(x) and g(x) by the integrated squared error (Pagan and Ullah, 1999), namely:

I = I
(

f(x), g(x)
)

=

∫

x

(

f(x) − g(x)
)2
dx =

∫

x

(

f
2(x) + g

2(x) − 2f(x)g(x)
)

dx

=

∫

x

(

f(x)dF (x) + g(x)dG(x) − 2g(x)dF (x)
)

(15)
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where F and G would be two candidates for the distribution of X , with probability density func-

tions f(x) and g(x). However, we may turn to kernel smoothing methods (Silverman, 1986) to es-

timate f , and therefore f̂ would be the nonparametric kernel estimator of f . In such a case, since

f̂ =
(

1/(Sh)
)
∑S

s=1
K

(

(xs − x)/h
)

, a suitable estimator for I would be:

Ĩ =

∫

x

(

f̂(x) − ĝ(x)
)2
dx

=
1

S2h

S
∑

s=1

S
∑

t=1

[

K

(

xs − xt

h

)

+K

(

ys − yt

h

)

− 2K
(

ys − xt

h

)

−K

(

xs − yt

h

)]

+
1

S2h

S
∑

s=1

[

2K(0)− 2K
(

xs − ys

h

)]

(16)

The integrated square error is the basis for constructing the statistic on which the test is based (see

Fan, 1994; Li, 1996; Pagan and Ullah, 1999), and takes the general form:

T =
Sh

1/2
Ĩ

σ̂
(17)

where

σ̂ =
1

S2h

S
∑

s=1

S
∑

t=1

[

K

(

xs − xt

h

)

+K

(

ys − yt

h

)

+ 2K
(

xs − yt

h

)]

∫

K
2(Ψ)dψ. (18)

and h is the bandwidth, which we estimate using the plug-in method suggested by Sheather and Jones

(1991).

5.2.3. Forecast accuracy

In the present work we propose an alternative to the method to estimate the forecast accuracy described in

Henderson, that is the use of the leave-one-out cross-validation (LOOCV) method. This method consists

in the iterative application of the a model using all the known country data base for the estimation process

except one data, different in each iteration, used as check data. In every iteration the residual between real

DTI with respect to the estimated DTI according to the tested model is calculated; the overall forecast

accuracy achievable from the model may be estimated by calculating the usual RMSE or the RMeAE

(Relative MEdian Absolute error) of the prediction errors on all the iterations. The LOOCV method is

a reliable and robust method, not dependent on a particular set of out-of-sample data and on outliers,

and it allows us to use each known data both as a estimation set and as a check data, capitalizing all the

available information.

6. Data

We use data from a variety of sources. The dependent variables data, made up by our financial integration

indicator and its two components. Constructing these indicators requires information on both total assets

of the different banking industries under analysis and foreign assets and liabilities of commercial banks.
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They include loans and deposits, debt securities, other assets or liabilities (including equity participations),

and claims and liabilities vis-à-vis the monetary authorities (Buch, 2005). The data on total assets are

provided by the European Central Bank for European Union countries, and by the central bank of each

remaining country in the sample, with some exceptions. The data on bilateral banking financial assets

and liabilities are provided by the Bank of International Settlements (BIS),13 which issues quarterly the

international claims of its reporting banks on individual countries, geographically broken down by bank

nationality.

Information on covariates also comes from several sources. Some of them are provided by the CHELEM

data set.14 The trade integration covariates (DTO, DDTC, DTI) are constructed using information on

exports and GDP. Both exports and GDP are included in CHELEM, as well as population (GDPPC). Data

on social capital is gathered from the Index of Economic Freedom constructed by the Heritage Foundation.

The change in CPI (CPICH) is constructed from the IMF International Financial Statistics. BANK50

is constructed yearly from Bankscope IBCA data. DEPOSITS is constructed from information provided

by central banks, whereas MKTCAP is provided by the World Bank (World Development Indicators).

Finally, FIN10 and FIN1050 have been constructed from information in The Global Financial Centers

Index report (Yeandle et al., 2008). All variables are measured in current US dollars with the exception

of per capita GDP, which is measured in constant US dollars.

The number of countries and years in the study is limited by the available information. The analysis

is made up by eighteen countries and seven years (1999-2005). Enlarging either the number of countries

or the length of the period entailed losing some information in the other dimension, so we decided to

keep this reasonable balance in terms of countries and years. Although information on some additional

countries was available for some years (Australia, Brazil, Canada, Chile, Mexico, Panama and Taiwan),

the gains in terms of total bank assets were not substantial, as the current sample accounts for more than

90% of sample including the additional countries. We also use data from consolidated banks, in order to

avoid the problem of double counting, which may arise when using unconsolidated balance sheet data.

Some summary statistics are reported in Table 1. Some outstanding features are the sharp decline in

the share of international bank assets by Japanese banks (from 21.25% in 1999 to 11.45% by 2005). It is

also clear that the U.S. financial system is far less “bancarized” than European countries such as France,

Germany, Italy or Spain. Indeed, the total assets of the U.S. banking system in terms or GDP are clearly

the lowest in the sample, both in 1999 and 2005. At the other extreme are Ireland and Switzerland, whose

total assets in terms of GDP by 2005 are 612.02% and 570.30%, respectively.

It is also apparent that, as indicated from columns seven through twelve, cross-border claims have

increased rapidly for all countries and they are now over 30 times larger in absolute terms than thirty

years ago (McGuire and Tarashev, 2006). These tendencies have taken place not only in absolute terms

(columns 11–12) but also as a percentage of GDP (columns 7–8), or as percentage of total assets (columns

9–10). The four last columns in Table 1 (columns 13–16) disclose information on how representative our

13See http://www.bis.org/statistics/histstats10.htm.
14Information on CHELEM (Comptes Harmonisés sur les Echanges et l’Economie Mondiale, or Harmonised Accounts on

Trade and The World Economy) database is available at URL http://www.cepii.fr/anglaisgraph/bdd/chelem.htm.
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sample is as compared to a hypothetical sample including all cross-border claims. The coverage varies

from country to country, and is not very high for some particular countries such as Austria or Greece but,

on average, is very high.

Table 1 contains information on outflows only, so as to save space and also because the information

on total consolidated foreign claims of the sample countries either as a percentage of their total foreign

claims or their total assets (i.e., the information reported by columns 13-16) is not available for inflows.

However, the results reported in the following sections are performed for both directions of foreign claims,

i.e., not only bank assets held abroad by banks of a given country (cross-border bank outflows), but also

on bank assets of each country owned by foreign banks (cross-border bank inflows). We will refer to each

direction using the out and in superscripts, in order to refer to outflows and inflows, respectively.

7. Results

7.1. The integration of the international banking systems: general trends

Table 2 shows results on the degree of financial openness, degree of direct financial connection and degree

of integration for years 1999 and 2005. Those columns with the “Outflows” heading refer to assets held

abroad by banks of each country listed, whereas columns headed by “Inflows” refer to bank assets of a

given country owned by foreign banks.

Results vary a great deal in several dimensions. We notice that the most open financial systems

(DFO) in terms of assets held abroad as of 2005 are those of Switzerland, the Netherlands, and Belgium,

indicating that the assets held abroad by banks from these countries represent the 81.9%, 75.6%, and

63.0% of their total assets. These are important international financial centers which have large external

portfolios (Lane and Milesi-Ferretti, 2008). Although they are small countries, we must take into account

that when dividing by total assets we control for home bias, i.e., the fact that the share of cross-border

activity is markedly lower for the largest countries (in relative terms) (Manna, 2004), as found by the

literature on home equity bias (Lewis, 1999). In contrast, the Greek, Italian and U.S. banking markets

are far less internationalized, as shown by degrees of financial openness of 5.3%, 8.4%, and 8.9% by 2005,

i.e., the assets held abroad by banks in these countries are very low, even after controlling for home bias.

Results vary not only across countries but also over time. In many instances cross-border banking flows

have increased sharply. For some countries they have almost doubled (Denmark), or even tripled (the

Netherlands and Sweden); in others it has also been substantial yet more moderate. Of special note is the

case of some large European countries whose degrees of openness have increased a great deal. However,

this is not entirely attributable to the effect of the euro, since some of the largest increases have taken

place in countries which have not yet adopted the single currency (basically Denmark and the U.K.).

These patterns vary when considering the international banking flows in the opposite direction, i.e.,

the bank assets of each country in the table owned by foreign banks. Results vary greatly, especially for

the most extreme cases. Indeed, the correlation coefficient is negative for 2005, and this negative sign

holds for all sample years. Some countries whose DFOout was quite high, such as Switzerland, become
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much more closed in the case of inflows. On the other hand, the U.S. is quite open in terms of bank assets

in the U.S. held by foreign banks. Disparity in the results is the general tendency: some countries now

become much more open—apart from the U.S., this is also the case of Finland, Greece, Italy, Portugal,

or the U.K.—whereas others become less financially open—Belgium, Canada, France, Germany, Japan,

the Netherlands, Sweden, or Switzerland.

The degree of direct financial connection (DDFC) indicates whether cross-border bank flows are

balanced in terms of the banking systems size of both the sending and recipient countries. According

to the geographic neutrality idea, cross-border asset holdings of each country’s banks should be directed

preferably towards France, Germany, Japan, U.K., or the U.S., whereas Denmark, Finland, Greece or

Portugal should attract less cross-border flows (in absolute terms). The four columns with the “DDFC”

heading in Table 2 disclose information on individual degrees of direct financial connection, following the

geographic neutrality idea. The information is split into four columns following two criteria, namely, time

(initial and final years) and the direction of the flows (outflows and inflows).

Some of the countries with lower levels of DDFCout, especially by 2005, are the Nordic countries in

our sample—Denmark, Finland and Sweden. These are countries with strong economic and financial ties,

suggesting that the incentives of economic agents to go abroad might be geographically biased by these

already established links. The only non-Nordic country with DDFCout < 60% as of 2005 is Canada,

which shares a common characteristic with these three countries, namely, the existence of strong links

with its neighbor (the U.S., in spite of the border effect; see McCallum, 1995). In this case, although the

size of the U.S. banking markets is big, it might be attracting too much of Canada’s cross-border bank

asset holdings—i.e., the cross-border flows are not balanced.

There are also some countries whose DDFC does not overhang for being either too high or too low,

which is the case of Ireland. However, Ireland’s DDFC exhibits the highest growth between 1999 and

2005. This increase reflects the fact that its cross-border financial flows have become more balanced, in

terms of number and size of Ireland’s financial partners: whereas by 1999 the U.K. and the U.S. accounted

for more than 85% of Ireland’s foreign claims (54.9% and 31.5%, respectively), by 2005 some of its largest

European partners account for higher shares of its foreign assets. Specifically, the U.K. and the U.S. have

fallen in their relative importance (now representing only the 42.2% and 10.3% of Irish foreign claims),

whereas Germany, Italy, Spain and France account for 15.6%, 9.6%, 5.3% and 4.9%, respectively, implying

that, as suggested by the definition of the degree of regularity of the financial connections, now Ireland’s

cross-border flows are more balanced—both in terms of countries and volumes. Explanations for this

pattern may be manifold, such as the adoption of the euro, which might have constituted an incentive for

Irish financial agents to go abroad and trade more intensely with countries sharing the same currency.

Results also vary if we reverse the direction of the flows and examine the assets of each country owned

by foreign banks (DDFCin). Results suggest the Nordic countries are still at the bottom, i.e., they show

geographic bias, regardless of the directions of their financial flows; however, Canada moves upwards in

this ranking reaching the top, suggesting its financial links with the U.S. are asymmetric. In this case,

DDFC is high because Canada’s bank assets owned by foreign banks (mostly U.S. banks), i.e., the cross-
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border banking flows between Canada and its financial partners, are balanced: large countries own larger

shares of Canadian bank assets.

The degree of financial integration (DFI) results of combining financial openness and financial con-

nection, following Equation ((6)). Results are also reported in Table 2, in those four columns headed

by “DFI”. Information is split according to the same criteria, namely, the direction of the flows, and

the initial and final years. The “Outflows” columns provide results for the assets held abroad by banks

of each listed country. Since DFIout combines DFOout and DDFCout, its tendencies can be explained

via the evolution of its components. Disparities among countries were more pronounced in the case of

the degree of financial openness, whereas the DDFC values were more homogeneous. Thus, differences

among countries are mainly determined by the degree of financial openness and, as such, those countries

more financially integrated are Belgium, the Netherlands, or Switzerland. Of special note is the case of

Sweden, whose DDFC ranges amongst the lowest, whereas its high degree of financial openness pushes

it upwards in the ranking.

However, although the more financially integrated countries in the world are small, large countries have

also participated in this process: both Germany and France have DFIout > 50% by 2005, and Japan,

the U.K. or Spain also go beyond the 40% line. Although some large countries still remain below these

levels, if we extend the analysis to the cross-border bank flows flowing in the opposite direction, both

Italy and very especially the U.S. become much more integrated. In contrast, some small countries such

as Switzerland show a reversed pattern, as to be expected.

The resulting scenario is that of several ways that countries follow to achieve their degrees of inter-

national financial integration. Both openness and balance in the volume and direction of cross-border

flows are relevant. Its relevance, though, offers several perspectives: whereas openness generates marked

differences between countries, the degree of direct financial connection is more homogeneous, and higher;

however, this indicator also shows differences across countries and over time, suggesting a geographical

bias exists for the bilateral asset trading, as documented by previous literature. In addition, both domestic

and foreign banks contribute differently to the integration level of each country, the extreme and opposite

cases being represented by Switzerland and the U.S.

Finally, Table 3 provides information on all global indicators—in which we consider the weight of the

total bank assets in each country. These indicators have been computed taking into account the weight

of each country’s banking system in the sample. Results indicate that, regardless of the direction of

the asset flows, the level of global integration attained as of 2005 is quite similar in terms of outflows

or inflows (45.4% and 46.6%, respectively). Therefore, although the pace is rapid (by 1999, the DGFI

was mostly below 40%), we are still not halfway to the theoretical full potential of international financial

integration—i.e., to the Standard of Perfect Financial Integration. The increase in DGI has been mostly

driven by the increase in the degree of global financial openness, whose advance has been proportionally

higher. In contrast, the contribution of the DDFC has even been small for DDFCout and negative for

DDFCin, yet this finding was partly expectable because the values of DDFC were already high by 1999.
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7.1.1. Determinants of financial integration

Results on the determinants of financial openness (DFO) are displayed in tables 5 and 6, which consider

outflows and inflows, respectively. We perform OLS estimations for the pooled data. The covariates enter

the model sequentially. Therefore, in column (1) of Table 5 only REMOTE is included in the regression,

which is both negative and significant, and explains less than 10% of variation in DFOout. Once other

variables are included in the model, the sign is negative throughout, although in some instances it is not

significant. Therefore, it seems that distance and financial openness are negatively related, corroborating

previous results by Portes and Rey (2005) and Buch (2005), amongst others.

We add trade openness (DO) to the set of regressors in columns (2)–(12), which improves the overall

explanatory power substantially—from 8.1% to 29.2% (adjusted R2). Its impact is positive and strongly

significant throughout. It is also the covariate with a strongest impact on DFO
out.15 In contrast, our

other component of trade integration, the degree of direct trade connection (DDTC), which is added to

the specification in columns (3)-(12), is not significant. In addition, its contribution to the adjusted R2 is

negligible.

GDP per capita (GDPPC) is added to the specification in columns (4)–(12), contributing to a raise in

R̄2 from 30.5% to 41.6%. Its impact on DFOout is positive throughout, and significant in most instances.

The behavior of this variable is clearly influenced by the CPICH , since GDPPC’s significance declines

abruptly once CPICH enters the specification. The high (negative) correlation between GDPPC and

CPICH underlie this trend. However, we consider both variables are important determinants of financial

openness and, in addition, the multicollinearity tests performed indicated the problem was not particularly

severe. The CPICH variable is included in columns (8)–(12). Its impact is negative and highly significant

throughout, spoiling the R̄2 to increase up from 59.0% to 65.4%.

The set of financial development regressors show mixed results. The ones used more intensely in the

literature, MKTCAP and DEPOSITS, which are added to the specification in columns (5)–(12) and

(6)–(12), respectively, are always positive and significant. Their contribution to the overall fit (R̄2) is also

remarkable, from 41.6% to 54.0% (in the case of MKTCAP ), and from 54.0% to 59.1% (in the case of

DEPOSITS). These results are also in line with previous results found by the literature. Both covariates

are relevant, yet the impact of MKTCAP is higher than that of DEPOSITS.16

In contrast, the impact of BANK50 (how many banks each country has among the top 50 banks in

the World) is mostly positive yet not significant. Its contribution to the R̄2 is virtually negligible. This

result could be emerging because of some opposed effects, since some countries such as the U.S. show

low DFOout but have the highest share of large banks, and the opposite holds for countries such as the

Netherlands (with high DFOout and also a remarkable number of large banks).

FIN10 and FIN1050 enters with different signs in columns (9)–(12) and (10)–(12), respectively. Both

of them are significant throughout, and the contribution to the overall fit is non-negligible in both instances

15This may be further corroborated via standardized coefficients, not reported here but available from the authors upon
request.

16This information is available by computing standardized coefficients, not reported here but available upon request.
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(R̄2 increases from 65.4% to 71.0% in the case of FIN10, and to 76.3% in the case of FIN1050). The

overall impact onDFOout is also remarkable, as indicated by the standardized coefficients.17 The apparent

contradiction regarding the sign of the relationship is easy to explain when taking into account that, for

instance, Switzerland (the country with highestDFOout) is, together with the U.S., the country with more

large financial centers (FIN10 = 2); however, it has no medium-sized financial centers (FIN1050 = 0).

In contrast, some other countries with a remarkable number of medium-sized financial centers such as

Canada, the U.K. and, especially, the U.S. (all of them with FIN1050 = 3) do not particularly excel in

DFOout.

The last three regressors have been used by the literature to a variety of extents. The HERITAGE

variable, included in columns (11)–(12), turns out to be unimportant in explaining variation in the level of

financial openness. The impact is negative yet insignificant in all instances. Therefore, it seems that the

joint impact of the HERITAGE components (namely, regulation, trade, fiscal, government, monetary,

investment, financial, property rights, corruption, and labor) is not relevant for explaining bank outflows.

EURO is included in the specification in columns (12), and is unimportant as well. In accordance to these

results, the R̄2 remains unaffected.

Table 6 provides analogous information to Table 5, yet for inflows. This specific analysis for each

direction of the flows turns out to be necessary, since both the signs and significance of the regressors

are remarkably altered. One might expect that both the sign and significance of REMOTE should not

change: if distance and DFOout are negatively related, so they should be distance and DFOin. However,

this is not the case, since the variable is not significant in many instances and, in addition, the sign is

reversed—the impact is now positive. The explanation is provided by the behavior of some particular

countries, since some of the most distant countries (the U.S., Greece and Finland, see Table 4) are also

those with highest DFOin (see Table 2).

When adding the trade variables to the specification in columns (2)–(12) (DTO) and (3)–(12) (DDTC),

results also vary markedly. The degree of trade openness (DTO) turns not significant throughout and, in

some instances, the sign is even negative. Although this result looks a priori striking, we should take into

account that the DTO has been computed using exports only. Therefore, one might expect exports to go

hand in hand with financial outflows (DFOout), but not necessarily with financial inflows. This result is

also consistent with previous literature such as Lane and Milesi-Ferretti (2008), who found that trade is

relevant for financial assets, yet not for financial liabilities. It could also be a priori difficult to explain the

highly significant and negative sign throughout of DDTC. The magnitude of the impact is also high.18

This result could also be explained by the behavior of some specific countries such as Finland, Greece or

the U.S., whose degrees of direct trade connection are low (because of different reasons) whereas their

DFOin are high.

Both MKTCAP and DEPOSITS, which enter the specification in columns (4)–(12) and (5)–(13),

respectively, are now not significant. Lane and Milesi-Ferretti (2008) also obtain a similar result, since

17Not reported, available upon request.
18Information available through standardized coefficients.
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they find that the impact of financial development on financial assets is positive and significant, but not for

financial liabilities. Indeed, the only financial development significant variable throughout is FIN1050,

whose impact on DFOin is reversed with respect to that on DFOout—it is now positive. This could

suggest that this type of centers could be an important channel for domestic financing.

The sign of CPICH is also reversed, and one might a priori expect. This variable is included in columns

(8)–(12). Explanatory power sharply rises from 17.3% to 36.5%. Among the last two regressors included

in our model, EURO is not significant, as found for DFOout. However, the impact of HERITAGE is

positive and highly significant, suggesting that when law enforcement is high (so there are more guarantees

that the contracts will be fulfilled), business opportunities abroad are attractive and, therefore, cross

border asset holdings become engaging. This variable also contributes to increase explanatory power

(from 47.0% to 51.8%) but, compared with the model specified for DFOout, the fit is much poorer (51.9%

vs. 76.2%).

We have also performed estimations to explain the variations in DDFC and DFI (for both outflows

and inflows). However, for space reasons, we concentrate on DFI.19 These are reported in Table 7

(outflows) and Table 8 (inflows). In general, results corroborate those found for the DFO. The only

remarkable discrepancy relates to HERITAGE, whose impact on DFIout is now negative and significant

throughout. Explanations could be similar to those provided above for the DFO. In case institutions

are trustable and law enforcement is high, business opportunities at the home country could be more

attractive that business opportunities abroad.

7.1.2. Nonparametric analysis

Although results above are doubtlessly interesting, some of the findings are difficult to interpret. For

instance, the impact of remoteness on both financial openness and financial integration depends on the

direction of the flows. In the case of outflows, it is mostly negative and significant, yet in the case of

inflows it is mostly positive and non significant. This finding is difficult to justify, since the impact of

distance should be a priori immune to the direction of the flows.

A forensic view to both the data and previous results (see Section 7.1) reveals that some individual

countries are determining the nature of the relationship between REMOTE and DFO and DFI. As

indicated earlier, the U.S. is a large economy distant from many other countries in the sample. If the

link between REMOTE and both DFO (or DFI) were negative for all countries, we should expect low

values for both DFO and DFI—at least when compared with many other sample countries. However,

that is the case for the U.S. outflows, but not for the inflows, which are by and large the highest. Under

these circumstances, any parametric model will face difficulties in fitting the data, because of their lack

of flexibility—the so-called “parametric straitjacket”. Indeed, as indicated by Stone (1985), flexibility

is one of the three fundamental aspects of statistical models—the other two being dimensionality and

interpretability.

19Results on DDFC are available from the authors upon request.
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Figure 1 represents the nonparametric regression counterpart to Table 7, estimated using the methods

introduced in Section 5. They are not exact counterparts because the former displays results from uni-

variate nonparametric regression, whereas the latter shows results from multivariate parametric (OLS)

regressions. We report results for DFIout only, for space reasons, although they have also been performed

for the remaining depending variables. In general, results yielded by OLS regressions are corroborated,

but some important subtleties are revealed by the nonparametric analysis. Table 7 shows that REMOTE

and DO had strongly significant impacts on DFIout, with opposite signs. However, the nonparametric

analysis reveals that, in the case of REMOTE, the impact is strongly negative because of the bulk

of observations that lie in the vicinity of REMOTE = 0.05. This trend reverses for larger values of

REMOTE, but then significance decreases substantially, as revealed by wider error bands. Therefore, it

seems that the mechanisms operating are not the same for all sample countries. Regarding DO, Figure

1 also shows that the error bands widen up for larger values of the covariate (DO > 0.4), whereas lower

values corroborate the high and positive sign found in Table 7.

The remaining subfigures in Figure 1 generally corroborate the parametric results, but more informa-

tion is disclosed. The fuzzy trend of DDC in Figure 1 matches both its non-significance and changeable

sign in Table 7. GDPPC impacts positively on DFIout, but it is mostly insignificant, although this result

might be corrupted by the high (negative) correlation among GDPPC and CPICH ; consistently, Figure

1 shows an upward trend of the regression line; however, the error bands are not wide enough to conclude

that the impact of the variable is not significant.

In general, financial development variables (MKTCAP , DEPOSITS and BANK50) coincide, and

reinforce the results in Table 7. Graphical results for FIN10 and FIN1050 cannot be displayed because

of their categorical nature. The impact of MKTCAP on DFIout is positive, but significance is lost

for high values of MKTCAP . The peculiar aspect of BANK50 regression line in Figure 1.g helps

explaining why parametric regressions yield non-significant coefficients, since the impact is positive for

BANK50 < 5, then it becomes negative, and finally (for BANK50 > 20) it becomes positive again.

Therefore, underlying the non-significance found through OLS there could exist different mechanisms

operating for countries with varying levels of BANK50, since the narrow error bands suggest the impact

of the variable is significant—although overall it is not-significant. DEPOSITS enters the model linearly,

buttressing the signs yielded by the OLS regressions. Although a priori Figure 1.h suggests the impact of

CPICH on financial integration does not mimic the negative sign in Table 7, a deeper scrutiny reveals

that significance (narrower error bands) occurs mainly for the range of CPICH observations for which

a negative link with financial integration exists, whereas for other ranges of CPICH the link is positive

but with lower significance (wider error bands).

Finally, Figure 1.i indicatesHERITAGE enters the analysis linearly; however, its impact onDFIout is

positive, contradicting the parametric analysis in Table 7, which show a strongly negative link. Underlying

explanation might relate to the fact that, as indicated above, Figure 1 displays univariate counterparts

to the multivariate results in Table 7. Should we run a separate univariate regression DFIout
i = β0 +

β1HERITAGEi + εi, then the estimated coefficient is positive and highly significant (p-value=XXX),
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suggesting the parametric model (12) might be misspecified.

Table 9 displays the mean nonparametric estimates of the determinants of financial integration, as well

as the coefficients at each decile of the distribution, considering both outflows and all covariates included

in model (12). Therefore, comparison between results in tables 7 and 8 with those in tables 9 and 10 is

direct.20 Standard errors are reported in parenthesis. Both tables provide also the mean nonparametric

estimates, in order to ease comparisons with the parametric models.

Table 9 indicates that, when examining DFIout, the parametric estimate for REMOTE (−1.340, see

Table 7) is well above the corresponding mean (−0.0585) and 90th percentile (−0.3880) of the nonpara-

metric estimates. Thus, the nonparametric specification indicates that the parametric specification vastly

overstates the effect of REMOTE. This conclusion is drawn when analyzing mean values. However,

the effect varies depending on the decile of the distribution, since for larger values (above 60%) it be-

comes positive, corroborating the results found through the graphical analysis. The mean nonparametric

estimate of the degree of openness (0.0035) is also substantially lower than its parametric counterpart

(0.403). The positive impact exists for roughly 80% of the sample. The impact of some variables on

DFIout is essentially zero (DDC, BANK50, CPICH and FIN10). Most of this variables have large

bandwidths (all excepting FIN1050), suggesting they should enter the model linearly. The remaining

variables (GDPPC, MKTCAP , HERITAGE and EURO) also impact DFIout with the same sign as

the parametric model on average, since the coefficients at each decile of the distribution vary. For instance,

GDP and MKTCAP have a positive sign for the majority of the sample (around 70%), whereas in the

case of FIN1050 and HERITAGE the negative sign prevails for roughly 60% and 50%, respectively.

Table 10 provides the nonparametric counterpart to column 12 in Table 8. In contrast to the parametric

estimate, the mean nonparametric estimate of REMOTE is negative, which is in accordance with previous

findings in the literature and is also consistent with the sign found for DFIout since, a priori, if distance

influences negatively asset trade this should be independent of the direction of the flows. However,

this negative sign only prevails for roughly 40% of the sample, whereas for the remainder the sign is

positive; therefore, the sign of the parametric model is strongly misleading, since it does not capture

the nonlinearities present in the data. The sign of DO is coincidental for both mean parametric and

nonparametric estimates. However, it is negative for roughly 30% of the sample. In some cases the

nonparametric estimates are virtually zero, suggesting DEPOSITS, CPICH and FIN1050 could enter

the model linearly, as suggested by their large bandwidths. For the remainder, we always find varying

signs at the different deciles of the distribution, suggesting the linear fit is off the mark.

Therefore, results indicate that the added flexibility of nonparametric models allows disentangling

some of the relationships among the variables considered, which are intricate. However, we can formally

test whether the parametric model is indeed appropriate. The test described in Section 5.2.1 provides

means to do it, and results are reported in Table 12. The results are striking since even for the most

encompassing model (model (12)), which including all contemplated regressors, we always reject the null

20We do not report information on DFO regressions for space reasons, although they are available from the authors upon
request.
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that this parametric linear model is correctly specified. Although rejection is stronger for inflows (the JN

value is higher in virtually all cases), p-values lead in all cases to reject the null even at the 1‰significance

level.

The validity of the parametric approach is further analyzed in Table 13, which provides results on the Li

(1996) test, and its corresponding graphical counterpart in Figure 2. Results are not entirely coincidental

with those provided by the Hsiao et al. (2007) test because the tests differ greatly—for instance, the

Li (1996) test is based on estimating density functions which require stipulating a bandwidth, which

we estimated using different methods for simplicity. When comparing the observed values with those

predicted by the parametric model (what in the Table is labelled as “Actual vs. predicted (parametric)”),

the null hypothesis of equality of distributions is always rejected at the 1% significance level for the inflows.

In the case of the outflows, the only cases in which it cannot be rejected are those models including the

majority of the regressors. Figure 2 displays graphical counterparts to Table 13 for models (1), (4), (8)

and (12).21 Clearly, we visually corroborate that although results on the Li (1996) test indicate that

actual and parametric predictions do not differ significantly for model (12) in DFIout, Figure 2.l indicates

differences do indeed exist.

In contrast, the nonparametric models estimated using equations (8) through (11) report a more

successful story. In this case, for all dependent variables and all models excepting Model (1), we cannot

reject the null of equality of distributions of actual and predicted data—what in Table 13 is referred to

as “Actual vs. predicted (nonparametric)”. Indeed, graphically (Figure 2) we observe that only Model (1)

performs poorly in terms of predictive power, whereas Model (12) usually performs much better. However,

we also notice that performance is worse for inflows, suggesting the behavior of both DFOin and DFIin

is more difficult to model. We should also acknowledge that the parametric models we are specifying

are somewhat naïve, since we could have stipulated a model with nonlinearities and so forth. However,

the point is that, since no established theory exists as to how the different covariates affect financial

integration, applying a nonparametric model may be more appropriate.

8. Conclusions

Over the last few years, the interest in the effect of financial globalization has been spurred by the

increase of cross-border asset holdings, especially in advanced countries. In this paper, we provide some

new empirical findings on the drivers of international financial integration from a new point of view.

Whereas the literature on the likely determinants of financial integration is becoming voluminous, we

think there is an issue largely overlooked, namely, the precise definition of what international financial

integration is.

In our proposal, we consider financial integration and financial openness are not necessarily the same

thing. This is important since either the existence or lack of consensus on what the drivers of finan-

cial globalization are could be ascribed to the difficulties in properly measuring the extent of financial

21We only provide results for these models for space reasons.
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openness and/or integration. Following ideas by Arribas et al. (2008b), we develop a new indicator of

financial integration which considers it to be composed not only by financial openness but also by financial

connection. In addition, we define a Standard of Perfect Financial Integration (which could be regarded

as the analogous to the LOOP, considered by the literature focusing on financial integration from a prices

point of view). We also consider relevant to distinguish among financial inflows and financial outflows

since results—as it has been the case—might differ a great deal.

Regarding our set of explanatory variables, we have tried to be as parsimonious as possible and to

include most of the covariates identified by the growing literature on the drivers of financial globalization.

Although no formal theory exists as to which these drivers are, there is certain consensus in that both

geographical distance, trade, and financial development influence financial openness. Some other variables

such as social capital have been less extensively employed, but its impact on financial openness is not

negligible either. We have also considered that, in order to estimate accurately how the different covariates

affect our financial integration variables, it is worth including in the analysis some recent advances in

nonparametric econometrics, since some of the relationships to be modelled are rather involved.

Our findings corroborate these stylized facts. However, there are some new findings worth mentioning.

Regarding the indicators on financial openness and financial integration, we learn that depending on the

direction of financial flows (outflows or inflows), the assessment on the financial openness and integration

of each country might vary a great deal. This is the case of the U.S. and Switzerland. Over time, although

financial integration increases, we are still far from the theoretical full potential (the Standard of Perfect

International Integration). In addition, countries advance in their “specialization”, i.e., countries which

are more open from the outflows perspective become more open from this perspective yet not from the

inflows.

In accordance to these findings, the influence of the independent variables varies depending on the

direction of the flows. Whereas the determinants of financial openness and financial integration from

the outflows perspective are in line with previous findings, results change from the inflows perspective.

However, many of these results can be explained once we take into account the behavior of some particular

countries in our sample.

The future research agenda comprises two immediate goals. First, given the influence of extreme

observations, we should take into account some other flexible techniques within the nonparametric and

semiparametric econometrics field. Second, because of the data requirements to construct our indices of

financial integration and the length of the sample, the analysis had to be restricted to eighteen countries

only. Shrinking the time span of the sample it could be possible to include some developing countries in

the analysis, which could provide some additional results.

Appendix A. Data description

• REMOTE – Remoteness: remoteness is defined following the definition by Nitsch (2000). Ac-

cording to this author, we can define the remoteness of a country i as the reciprocal of country j’s
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GDP divided by the bilateral distance between country i and country j summed over all trading

partners of country i (in the sample):

Ri = (
∑

k

[Yj/Dij ])
−1 (19)

As found in other research studies, Belgium and the Netherlands, for year 2005, are the least remote

countries in the sample. On the other hand, Japan and the U.S. are the most remote countries.

The advantage of this measure over considering distance alone is that we control for the fact that

remote countries—such as New Zealand and Australia—will trade more with each other than two

countries that are separated by the same absolute distance but are closer to other markets—such as

Spain and Sweden [Source: CHELEM].

• DTO – Degree of trade openness: we define trade openness in a similar fashion to the degree

of financial openness (DFO), yet considering trade flows instead of financial flows. Therefore, the

definition is:

DTOi =
∑

j∈N

DTOij =

∑

j∈N Xij

̂Yi

(20)

where DTOi is the degree of trade openness of country i, Xij are the exports (or imports) from

country i to country j, N is the sample size, and ̂Yi is the home bias-corrected GDP of country i

[Source: CHELEM].

• DDTC – Degree of direct trade connection: we define trade connection similarly to financial

connection. Therefore, DDTC is defined following equation (2), where A = (αij) is the matrix of

trade flows (either exports or imports) in the real world, and B = (βij) is the matrix of trade flows

in the perfectly trade connected world, and βij = Yj/(
∑

k∈N\i Yk) [Source: CHELEM].

• GDPPC – GDP per capita: logarithm of per capita GDP, in U.S. dollars and adjusted with local

CPI [Source: CHELEM].

• MKTCAP – Market capitalization: market capitalization of listed companies, as percentage of

GDP [Source: World Development Indicators (WDI, World Bank)].

• DEPOSITS – Deposits: total bank deposits in each country, in U.S. dollars, divided by GDP

[Source: European Central Bank, Swiss National Bank, Bank of Japan, Federal Reserve (United

States)].

• BANK50 – Banks among largest 50: number of banks in each country among the 50 largest

banks in the world, in terms of total assets [Source: BankScope].

• CPICH – Consumer price index change: consumer price index change [Source: International

Financial Statistics (IFS, International Monetary Fund)].
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• FIN10 – Financial centers among largest 10: number of financial centers in each country

among the 10 largest world financial centers [Source: The Global Financial Centres Index, Z/Yen

Group].

• FIN1050 – Financial centers among largest 10: number of financial centers in each country

among the 50 largest world financial centers, excluding the top 10 [Source: The Global Financial

Centres Index, Z/Yen Group].

• HERITAGE – Economic freedom: index of overall economic freedom constructed by the Her-

itage Foundation, defined as an unweighted average of 10 economic freedoms. These are business

freedom, trade freedom, fiscal freedom, government size, monetary freedom, investment freedom,

financial freedom, property rights, freedom from corruption, and labor freedom [Source: Heritage

Foundation].
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Table 1: Data by country (outflows), 1999 and 2005

Country
Total bank assetsa

Shares of the
international
banking mar-
kets

Total assets as
% of GDP

Total consoli-
dated foreign
claims as % of
GDP

Total consoli-
dated foreign
claims as % of
total assets

Total consoli-
dated foreign
claimsa

Total consoli-
dated foreign
claims of the
sample coun-
tries as % of
their total
foreign claims

Total consoli-
dated foreign
claims of the
sample coun-
tries as % of
total assets

1999 2005 1999 2005 1999 2005 1999 2005 1999 2005 1999 2005 1999 2005 1999 2005

Austria 488,939 850,800 1.38 1.54 229.43 263.86 47.61 97.14 20.75 34.95 67,261 139,299 66.30 46.85 13.76 16.37
Belgium 718,791 1,247,769 2.03 2.25 283.19 318.31 151.66 242.75 53.55 72.14 318,891 759,217 82.84 84.34 44.36 60.85
Canada 1,120,339 1,994,859 3.17 3.60 172.04 159.40 44.85 41.97 26.07 23.43 250,845 395,502 85.89 84.61 22.39 19.83
Denmark 356,402 668,469 1.01 1.21 204.89 242.87 28.75 57.85 14.03 22.39 32,263 112,474 64.52 75.15 9.05 16.83
Finland 120,251 291,268 0.34 0.53 93.31 139.07 24.27 37.85 26.01 25.10 24,845 53,309 79.45 72.92 20.66 18.30
France 3,643,785 6,455,200 10.30 11.66 250.28 289.38 57.66 83.64 23.04 27.55 662,008 1,450,788 78.86 81.57 18.17 22.47
Germany 5,704,621 8,092,034 16.13 14.61 266.12 278.39 80.59 100.01 30.28 34.54 1,333,868 2,255,130 77.21 80.68 23.38 27.87
Greece 181,933 337,394 0.51 0.61 148.27 137.74 NA 16.95 NA 11.32 NA 18,425 NA 48.26 NA 5.46
Ireland 304,193 1,362,671 0.86 2.46 315.10 612.02 77.97 246.16 24.74 36.46 69,435 437,845 92.25 88.13 22.83 32.13
Italy 1,649,453 3,066,158 4.66 5.54 137.36 166.21 21.53 20.48 15.67 11.77 198,396 233,485 76.74 64.69 12.03 7.61
Japan 7,517,125 6,340,539 21.25 11.45 172.90 146.09 23.62 36.46 13.66 26.07 762,596 1,196,335 74.27 72.38 10.14 18.87
Netherlands 988,225 1,999,945 2.79 3.61 237.78 304.13 97.29 265.95 40.91 83.01 312,146 1,499,115 77.20 90.30 31.59 74.96
Portugal 250,547 426,226 0.71 0.77 205.94 221.33 37.12 49.71 18.03 21.38 30,082 64,201 66.60 70.46 12.01 15.06
Spain 1,048,501 2,600,531 2.96 4.70 169.68 212.46 41.30 75.74 24.34 32.75 194,915 783,021 76.37 91.93 18.59 30.11
Sweden 477,890 854,200 1.35 1.54 188.35 221.91 35.70 141.13 18.95 59.10 69,596 384,685 76.84 76.20 14.56 45.03
Switzerland 1,402,756 2,165,757 3.97 3.91 529.59 570.30 363.78 526.25 68.69 89.18 886,789 1,682,795 92.03 87.12 63.22 77.70
United Kingdom 3,802,069 7,870,559 10.75 14.21 259.55 335.63 59.14 111.81 22.78 31.28 565,207 1,804,436 65.25 73.30 14.87 22.93
United States 5,596,500 8,753,600 15.82 15.81 60.72 66.31 7.36 8.29 12.12 11.75 468,448 708,844 69.04 68.90 8.37 8.10

a In millions of current US$.
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Table 2: Results on DFO, DDFC and DFI, 1999 and 2005 (%)

Country
DFOi DDFCi DFIi

Outflows Inflows Outflows Inflows Outflows Inflows

1999 2005 1999 2005 1999 2005 1999 2005 1999 2005 1999 2005

Austria 13.77 16.50 16.90 18.00 80.98 83.81 66.93 66.97 33.39 37.18 33.63 34.72
Belgium 45.47 63.02 25.38 29.45 67.07 77.84 74.76 73.07 55.22 70.04 43.56 46.39
Canada 22.66 20.71 11.48 11.94 55.92 59.15 93.36 88.07 35.60 35.00 32.74 32.43
Denmark 9.24 17.24 15.02 36.29 58.67 55.21 74.78 32.26 23.28 30.85 33.52 34.22
Finland 20.42 18.37 30.29 42.40 53.89 36.20 60.17 23.49 33.17 25.79 42.69 31.56
France 21.62 27.78 11.83 14.66 90.50 91.21 82.69 85.97 44.24 50.33 31.28 35.50
Germany 32.03 37.25 11.45 17.50 86.86 88.72 85.57 80.68 52.75 57.49 31.30 37.57
Greece 0.00 5.30 24.33 42.14 NA 75.91 83.07 62.46 NA 20.05 44.96 51.31
Ireland 23.10 33.77 35.15 33.48 55.01 77.52 76.05 81.54 35.65 51.17 51.70 52.25
Italy 12.20 8.37 24.98 24.86 78.05 89.49 75.15 80.58 30.86 27.37 43.33 44.76
Japan 15.29 22.88 8.20 10.12 73.82 72.18 87.65 79.56 33.60 40.64 26.80 28.37
Netherlands 29.05 75.57 28.36 32.91 84.46 86.92 68.20 70.26 49.53 81.05 43.98 48.08
Portugal 11.54 14.52 20.38 34.60 70.09 76.47 64.03 59.04 28.44 33.32 36.12 45.20
Spain 14.00 25.24 15.07 22.24 76.41 70.26 77.73 80.68 32.70 42.11 34.23 42.36
Sweden 14.76 46.06 16.60 18.13 61.33 47.82 76.69 57.93 30.09 46.93 35.68 32.41
Switzerland 66.86 81.94 7.98 8.00 72.04 68.54 79.06 86.86 69.41 74.94 25.11 26.36
United Kingdom 17.01 28.64 37.06 42.30 75.16 70.26 77.74 82.15 35.75 44.85 53.67 58.95
United States 9.23 8.94 47.10 72.52 83.33 90.06 90.01 84.59 27.74 28.38 65.11 78.32

Unweighted mean 21.01 30.67 21.53 28.42 71.98 73.20 77.42 70.90 38.32 44.31 39.41 42.26
Standard deviation 0.15 0.22 0.11 0.16 0.12 0.15 0.09 0.18 0.12 0.17 0.10 0.13
Coefficient of variation 0.73 0.73 0.51 0.56 0.16 0.21 0.11 0.26 0.31 0.39 0.26 0.30

Table 3: Global degrees (DGO, DDGFC, DGI), 1999–2005 (%)

Year
DGO DGDFC DGI

Outflows Inflows Outflows Inflows Outflows Inflows

1999 20.85 21.13 78.23 83.32 38.95 39.58
2000 23.22 23.84 80.44 85.63 41.69 42.57
2001 24.84 25.79 81.50 84.34 42.86 43.88
2002 25.18 26.41 81.03 81.42 42.72 43.87
2003 24.99 25.81 80.17 81.45 42.43 43.36
2004 27.71 28.65 78.41 80.40 44.37 45.41
2005 28.78 30.48 79.88 80.25 45.41 46.64
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Table 4: Data on covariates, 2005

Country REMOTE DO DDC GDPPC MKTCAP DEPOSITS BANK50 CPICH FIN10 FIN1050 HERITAGE

Austria 0.0325 0.3583 0.4266 10.0938 0.4127 1.1699 0 2.3048 0 1 67.59
Belgium 0.0216 0.8185 0.4825 10.0903 0.8820 1.7609 3 2.7843 0 1 69.95
Canada 0.0284 0.3247 0.8838 10.0778 1.3296 0.9285 0 2.2136 0 3 75.58
Denmark 0.0281 0.2932 0.5130 10.3134 0.6882 0.1059 0 1.8088 0 1 75.72
Finland 0.0517 0.3160 0.4886 10.1057 1.0846 0.6281 0 0.8611 0 1 72.74
France 0.0289 0.2025 0.5664 10.0347 0.8041 0.8961 6 1.8116 0 2 62.90
Germany 0.0407 0.3525 0.6324 10.0588 0.4370 1.2785 3 1.9539 1 0 69.01
Greece 0.0609 0.0524 0.5070 9.6117 0.6439 1.2606 0 3.5611 0 0 55.56
Ireland 0.0338 0.5405 0.7627 10.2353 0.5655 1.7731 0 2.4315 0 1 78.17
Italy 0.0490 0.1989 0.6377 9.8712 0.4529 0.6833 2 1.9853 0 2 63.53
Japan 0.2163 0.1363 0.8370 10.5159 1.0447 1.0581 7 −0.2742 1 1 65.72
Netherlands 0.0234 0.4934 0.4324 10.1008 1.1655 1.5009 4 1.6971 0 1 72.71
Portugal 0.0501 0.1834 0.4111 9.3145 0.3654 1.2467 0 2.2939 0 0 63.10
Spain 0.0496 0.1623 0.4424 9.6418 0.8536 1.4517 1 3.3686 0 1 67.50
Sweden 0.0444 0.3532 0.6903 10.2350 1.1293 0.0634 0 0.4532 0 1 70.87
Switzerland 0.0266 0.3360 0.6487 10.4303 2.5574 0.8793 3 1.1720 2 0 78.39
United Kingdom 0.0304 0.1691 0.7724 10.1336 1.3891 2.2467 7 2.8300 1 3 79.85
United States 0.1415 0.0840 0.5759 10.4630 1.3690 0.2816 13 3.3928 2 3 79.63
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Table 5: The drivers of DFO, outflows, 1999–2005

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

(Intercept) 0.319∗∗∗ 0.101∗ 0.013 −2.305∗∗∗ −1.496∗∗ −2.106∗∗∗ −1.951∗∗∗ −0.793 0.023 −0.868 −0.889 −0.894
(0.025) (0.042) (0.063) (0.475) (0.444) (0.446) (0.488) (0.509) (0.495) (0.480) (0.478) (0.521)

REMOTE −1.155∗∗∗ −0.202 −0.450 −1.026∗∗ −0.591 −0.561 −0.729∗ −1.057∗∗ −0.869∗∗ −1.442∗∗∗ −1.439∗∗∗ −1.438∗∗∗

(0.333) (0.331) (0.355) (0.346) (0.316) (0.298) (0.367) (0.344) (0.317) (0.308) (0.306) (0.307)
DO 0.562∗∗∗ 0.535∗∗∗ 0.401∗∗∗ 0.481∗∗∗ 0.403∗∗∗ 0.413∗∗∗ 0.463∗∗∗ 0.581∗∗∗ 0.436∗∗∗ 0.479∗∗∗ 0.478∗∗∗

(0.091) (0.092) (0.088) (0.080) (0.078) (0.079) (0.073) (0.071) (0.070) (0.075) (0.079)
DDC 0.186 −0.009 −0.059 −0.156 −0.142 −0.158 −0.136 0.035 0.044 0.045

(0.102) (0.102) (0.091) (0.089) (0.090) (0.083) (0.076) (0.076) (0.076) (0.083)
GDPPC 0.250∗∗∗ 0.156∗∗ 0.215∗∗∗ 0.199∗∗∗ 0.095 0.013 0.100∗ 0.123∗ 0.124∗

(0.051) (0.048) (0.048) (0.052) (0.052) (0.051) (0.049) (0.051) (0.053)
MKTCAP 0.125∗∗∗ 0.127∗∗∗ 0.126∗∗∗ 0.126∗∗∗ 0.067∗∗ 0.091∗∗∗ 0.090∗∗∗ 0.090∗∗∗

(0.022) (0.020) (0.020) (0.019) (0.021) (0.020) (0.019) (0.020)
DEPOSITS 0.087∗∗∗ 0.084∗∗∗ 0.084∗∗∗ 0.058∗∗ 0.069∗∗∗ 0.070∗∗∗ 0.070∗∗∗

(0.022) (0.022) (0.020) (0.019) (0.017) (0.017) (0.019)
BANK50 0.003 0.006 −0.004 0.005 0.004 0.004

(0.004) (0.003) (0.004) (0.004) (0.004) (0.004)
CPICH −0.052∗∗∗ −0.053∗∗∗ −0.034∗∗∗ −0.031∗∗ −0.031∗∗

(0.011) (0.010) (0.010) (0.010) (0.010)
FIN10 0.133∗∗∗ 0.068∗ 0.087∗∗ 0.087∗∗

(0.027) (0.028) (0.030) (0.031)
FIN1050 −0.063∗∗∗ −0.057∗∗∗ −0.057∗∗∗

(0.012) (0.013) (0.013)
HERITAGE −0.352 −0.351

(0.228) (0.235)
EURO 0.001

(0.032)

R2 0.088 0.303 0.322 0.435 0.558 0.611 0.613 0.676 0.731 0.782 0.786 0.786
R̄2 0.081 0.292 0.305 0.416 0.540 0.591 0.590 0.654 0.710 0.763 0.766 0.764
F 12.0 26.7 19.3 23.2 30.3 31.1 26.7 30.5 35.1 41.2 38.1 34.6
p 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Log-likelihood 34.7 51.6 53.3 64.8 80.4 88.3 88.6 99.9 111.7 124.8 126.1 126.1
N 126 126 126 126 126 126 126 126 126 126 126 126

∗, ∗∗ and ∗∗∗ denote significance at 5%, 1% and 1‰ significance levels, respectively.
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Table 6: The drivers of DFO, inflows, 1999–2005

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

(Intercept) 0.230∗∗∗ 0.243∗∗∗ 0.374∗∗∗ 0.035 0.182 −0.065 0.550 −0.765 −0.851 −0.002 0.043 −0.164
(0.017) (0.033) (0.048) (0.393) (0.413) (0.436) (0.458) (0.456) (0.486) (0.475) (0.453) (0.491)

REMOTE 0.321 0.265 0.635∗ 0.551 0.630∗ 0.642∗ −0.023 0.350 0.330 0.877∗∗ 0.868∗∗ 0.877∗∗

(0.229) (0.260) (0.269) (0.286) (0.294) (0.292) (0.345) (0.308) (0.311) (0.304) (0.290) (0.290)
DO −0.033 0.007 −0.012 0.002 −0.029 0.008 −0.049 −0.061 0.077 −0.015 −0.039

(0.072) (0.069) (0.073) (0.074) (0.076) (0.074) (0.065) (0.070) (0.069) (0.071) (0.074)
DDC −0.278∗∗∗ −0.306∗∗∗ −0.315∗∗∗ −0.354∗∗∗ −0.302∗∗∗ −0.285∗∗∗ −0.287∗∗∗ −0.450∗∗∗ −0.469∗∗∗ −0.436∗∗∗

(0.077) (0.084) (0.084) (0.087) (0.085) (0.074) (0.075) (0.076) (0.072) (0.078)
GDPPC 0.037 0.019 0.044 −0.020 0.099∗ 0.107∗ 0.024 −0.026 −0.012

(0.042) (0.045) (0.047) (0.049) (0.047) (0.050) (0.048) (0.048) (0.050)
MKTCAP 0.023 0.023 0.019 0.019 0.025 0.003 0.004 0.006

(0.020) (0.020) (0.019) (0.017) (0.021) (0.019) (0.018) (0.019)
DEPOSITS 0.035 0.024 0.025 0.028 0.017 0.015 0.008

(0.021) (0.021) (0.018) (0.019) (0.017) (0.017) (0.018)
BANK50 0.011∗∗ 0.007∗ 0.008∗ −0.000 0.002 0.001

(0.003) (0.003) (0.004) (0.004) (0.004) (0.004)
CPICH 0.059∗∗∗ 0.059∗∗∗ 0.042∗∗∗ 0.034∗∗∗ 0.034∗∗∗

(0.010) (0.010) (0.010) (0.009) (0.009)
FIN10 −0.014 0.048 0.007 0.012

(0.027) (0.027) (0.029) (0.029)
FIN1050 0.060∗∗∗ 0.048∗∗∗ 0.050∗∗∗

(0.012) (0.012) (0.012)
HERITAGE 0.762∗∗∗ 0.815∗∗∗

(0.216) (0.222)
EURO 0.033

(0.030)

R2 0.016 0.017 0.112 0.117 0.126 0.146 0.219 0.406 0.407 0.512 0.560 0.565
R̄2 0.008 0.001 0.090 0.088 0.090 0.103 0.173 0.365 0.361 0.470 0.518 0.518
F 2.0 1.1 5.1 4.0 3.5 3.4 4.7 10.0 8.9 12.1 13.2 12.2
p 0.163 0.341 0.002 0.004 0.006 0.004 0.000 0.000 0.000 0.000 0.000 0.000
Log-likelihood 82.0 82.1 88.5 88.9 89.5 91.0 96.6 113.8 114.0 126.2 132.7 133.4
N 126 126 126 126 126 126 126 126 126 126 126 126

∗, ∗∗ and ∗∗∗ denote significance at 5%, 1% and 1‰ significance levels, respectively.
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Table 7: The drivers of DFI, outflows, 1999–2005

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

(Intercept) 0.481∗∗∗ 0.298∗∗∗ 0.227∗∗∗ −1.521∗∗∗ −0.828 −1.496∗∗∗ −1.204∗ −0.247 0.330 −0.407 −0.437 −0.547
(0.022) (0.038) (0.058) (0.450) (0.443) (0.435) (0.464) (0.484) (0.484) (0.470) (0.457) (0.498)

REMOTE −0.901∗∗ −0.129 −0.317 −0.740∗ −0.398 −0.373 −0.714∗ −1.006∗∗ −0.874∗∗ −1.355∗∗∗ −1.344∗∗∗ −1.340∗∗∗

(0.287) (0.291) (0.312) (0.314) (0.300) (0.278) (0.340) (0.323) (0.308) (0.300) (0.292) (0.293)
DO 0.464∗∗∗ 0.448∗∗∗ 0.366∗∗∗ 0.420∗∗∗ 0.338∗∗∗ 0.359∗∗∗ 0.406∗∗∗ 0.493∗∗∗ 0.349∗∗∗ 0.415∗∗∗ 0.403∗∗∗

(0.083) (0.083) (0.081) (0.076) (0.072) (0.073) (0.068) (0.069) (0.070) (0.072) (0.076)
DDC 0.146 0.014 −0.025 −0.126 −0.099 −0.109 −0.093 0.059 0.075 0.093

(0.091) (0.092) (0.086) (0.082) (0.083) (0.077) (0.073) (0.075) (0.073) (0.079)
GDPPC 0.187∗∗∗ 0.108∗ 0.173∗∗∗ 0.143∗∗ 0.056 −0.001 0.071 0.110∗ 0.117∗

(0.048) (0.048) (0.046) (0.049) (0.050) (0.050) (0.048) (0.049) (0.051)
MKTCAP 0.095∗∗∗ 0.095∗∗∗ 0.093∗∗∗ 0.094∗∗∗ 0.049∗ 0.074∗∗∗ 0.073∗∗∗ 0.074∗∗∗

(0.021) (0.019) (0.019) (0.018) (0.021) (0.020) (0.019) (0.019)
DEPOSITS 0.091∗∗∗ 0.086∗∗∗ 0.085∗∗∗ 0.067∗∗∗ 0.077∗∗∗ 0.079∗∗∗ 0.076∗∗∗

(0.020) (0.020) (0.019) (0.018) (0.017) (0.017) (0.018)
BANK50 0.006 0.008∗∗ 0.001 0.009∗ 0.007∗ 0.007

(0.003) (0.003) (0.004) (0.004) (0.004) (0.004)
CPICH −0.044∗∗∗ −0.045∗∗∗ −0.027∗∗ −0.020∗ −0.020∗

(0.010) (0.010) (0.010) (0.010) (0.010)
FIN10 0.098∗∗∗ 0.037 0.068∗ 0.071∗

(0.026) (0.027) (0.029) (0.029)
FIN1050 −0.058∗∗∗ −0.049∗∗∗ −0.048∗∗∗

(0.012) (0.012) (0.013)
HERITAGE −0.597∗∗ −0.568∗

(0.220) (0.227)
EURO 0.018

(0.031)

R2 0.076 0.269 0.284 0.367 0.463 0.545 0.556 0.620 0.662 0.718 0.736 0.737
R̄2 0.068 0.256 0.266 0.346 0.440 0.521 0.529 0.593 0.634 0.693 0.710 0.708
F 9.8 21.9 15.6 17.0 20.0 22.9 20.4 23.0 24.3 28.3 27.9 25.4
p 0.002 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Log-likelihood 51.7 66.0 67.4 74.9 84.9 94.9 96.5 105.9 113.0 124.3 128.2 128.4
N 122 122 122 122 122 122 122 122 122 122 122 122

∗, ∗∗ and ∗∗∗ denote significance at 5%, 1% and 1‰ significance levels, respectively.
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Table 8: The drivers of DFI, inflows, 1999–2005

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

(Intercept) 0.415∗∗∗ 0.422∗∗∗ 0.519∗∗∗ 0.579 0.727 0.441 1.123∗∗ −0.201 −0.329 0.418 0.443 0.210
(0.015) (0.029) (0.043) (0.355) (0.372) (0.391) (0.400) (0.377) (0.401) (0.385) (0.378) (0.409)

REMOTE 0.249 0.221 0.495∗ 0.510 0.589∗ 0.603∗ −0.134 0.242 0.212 0.693∗∗ 0.688∗∗ 0.699∗∗

(0.203) (0.230) (0.242) (0.258) (0.265) (0.261) (0.301) (0.255) (0.257) (0.247) (0.242) (0.241)
DO −0.016 0.014 0.017 0.032 −0.004 0.037 −0.021 −0.039 0.083 0.032 0.006

(0.064) (0.063) (0.066) (0.067) (0.068) (0.064) (0.054) (0.057) (0.056) (0.059) (0.062)
DDC −0.205∗∗ −0.200∗∗ −0.209∗∗ −0.254∗∗ −0.196∗∗ −0.179∗∗ −0.182∗∗ −0.326∗∗∗ −0.336∗∗∗ −0.298∗∗∗

(0.069) (0.076) (0.076) (0.078) (0.074) (0.061) (0.062) (0.061) (0.060) (0.065)
GDPPC −0.007 −0.024 0.004 −0.066 0.053 0.066 −0.007 −0.034 −0.019

(0.038) (0.040) (0.042) (0.043) (0.039) (0.041) (0.039) (0.040) (0.042)
MKTCAP 0.023 0.024 0.019 0.019 0.028 0.008 0.009 0.011

(0.018) (0.018) (0.017) (0.014) (0.017) (0.016) (0.015) (0.015)
DEPOSITS 0.041∗ 0.029 0.029 0.033∗ 0.024 0.023 0.015

(0.019) (0.018) (0.015) (0.016) (0.014) (0.014) (0.015)
BANK50 0.012∗∗∗ 0.008∗∗∗ 0.010∗∗ 0.002 0.004 0.003

(0.003) (0.002) (0.003) (0.003) (0.003) (0.003)
CPICH 0.060∗∗∗ 0.060∗∗∗ 0.045∗∗∗ 0.040∗∗∗ 0.040∗∗∗

(0.008) (0.008) (0.008) (0.008) (0.008)
FIN10 −0.021 0.034 0.011 0.017

(0.022) (0.022) (0.024) (0.024)
FIN1050 0.053∗∗∗ 0.046∗∗∗ 0.048∗∗∗

(0.010) (0.010) (0.010)
HERITAGE 0.414∗ 0.474∗

(0.181) (0.184)
EURO 0.037

(0.025)

R2 0.012 0.012 0.078 0.078 0.090 0.124 0.238 0.481 0.485 0.589 0.607 0.614
R̄2 0.004 −0.004 0.055 0.048 0.053 0.080 0.193 0.446 0.445 0.553 0.569 0.573
F 1.5 0.8 3.4 2.6 2.4 2.8 5.3 13.6 12.1 16.5 16.0 15.0
p 0.222 0.461 0.019 0.041 0.042 0.013 0.000 0.000 0.000 0.000 0.000 0.000
Log-likelihood 97.3 97.3 101.7 101.7 102.5 104.9 113.7 137.9 138.4 152.6 155.4 156.6
N 126 126 126 126 126 126 126 126 126 126 126 126

∗, ∗∗ and ∗∗∗ denote significance at 5%, 1% and 1‰ significance levels, respectively.
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Table 9: Nonparametric estimates of the distribution of DFIout determinants, 1999–2005

REMOTE DO DDC GDPPC MKTCAP DEPOSITS BANK50 CPICH FIN10 FIN1050 HERITAGE EURO

Mean −5.85E − 02 3.48E − 03 −1.32E − 16 1.63E − 01 4.99E − 03 −7.95E − 03 4.30E − 18 −7.57E − 17 6.39E − 187 −2.62E − 04 −8.13E − 03 2.03E − 03
(s.e.) (3.35E − 01) (8.12E − 03) (2.35E − 09) (8.44E − 02) (5.71E − 03) (7.51E − 03) (9.29E − 11) (1.65E − 09) (5.01E − 02) (1.35E − 03) (5.62E − 02) (0.00E + 00)

10% −5.88E − 01 −3.49E − 04 −3.95E − 16 −1.85E − 01 −8.45E − 03 −2.93E − 02 −1.64E − 17 −3.74E − 15 −9.72E − 190 −3.58E − 04 −1.06E − 01 −2.03E − 06
(s.e.) (9.33E − 02) (2.26E − 03) (6.53E − 10) (2.35E − 02) (1.59E − 03) (2.09E − 03) (2.58E − 11) (4.60E − 10) (1.39E − 02) (3.76E − 04) (1.56E − 02) (0.00E + 00)
20% −3.25E − 01 −4.73E − 05 −1.35E − 16 −6.24E − 02 −1.72E − 03 −1.70E − 02 −9.49E − 19 −1.82E − 15 −6.60E − 224 −1.54E − 07 −5.63E − 02 −5.55E − 17
(s.e.) 1.30E − 01 3.16E − 03 9.14E − 10 3.29E − 02 2.22E − 03 2.92E − 03 3.61E − 11 6.43E − 10 1.95E − 02 5.26E − 04 2.19E − 02 0.00E + 00
30% −2.12E − 01 1.34E − 04 −4.88E − 17 −1.75E − 03 −5.17E − 04 −1.02E − 02 1.67E − 67 −8.48E − 16 −6.58E − 239 −3.10E − 10 −4.00E − 02 0.00E + 00
(s.e.) 1.66E − 01 4.02E − 03 1.16E − 09 4.18E − 02 2.83E − 03 3.72E − 03 4.60E − 11 8.18E − 10 2.48E − 02 6.68E − 04 2.78E − 02 0.00E + 00
40% −1.25E − 01 3.68E − 04 −1.93E − 17 3.44E − 02 3.61E − 04 −5.24E − 03 7.52E − 33 −3.99E − 16 1.55E − 283 −5.85E − 13 −1.82E − 02 0.00E + 00
(s.e.) 2.04E − 01 4.94E − 03 1.43E − 09 5.14E − 02 3.48E − 03 4.57E − 03 5.66E − 11 1.01E − 09 3.05E − 02 8.23E − 04 3.42E − 02 0.00E + 00
50% −4.27E − 02 6.31E − 04 −1.62E − 18 1.08E − 01 1.75E − 03 −2.76E − 03 6.62E − 24 6.39E − 17 2.91E − 224 −2.63E − 113 −5.30E − 03 0.00E + 00
(s.e.) 2.62E − 01 6.35E − 03 1.84E − 09 6.60E − 02 4.47E − 03 5.87E − 03 7.26E − 11 1.29E − 09 3.92E − 02 1.06E − 03 4.39E − 02 0.00E + 00
60% 8.46E − 03 1.13E − 03 2.34E − 17 1.85E − 01 4.25E − 03 −7.38E − 04 1.41E − 19 7.39E − 16 6.07E − 204 −2.49E − 227 2.04E − 03 5.55E − 17
(s.e.) 3.30E − 01 8.00E − 03 2.31E − 09 8.32E − 02 5.63E − 03 7.40E − 03 9.15E − 11 1.63E − 09 4.94E − 02 1.33E − 03 5.54E − 02 0.00E + 00
70% 7.10E − 02 2.35E − 03 4.59E − 17 2.86E − 01 6.69E − 03 1.02E − 04 2.93E − 18 1.52E − 15 3.63E − 191 6.34E − 25 1.97E − 02 1.11E − 16
(s.e.) 3.81E − 01 9.22E − 03 2.66E − 09 9.58E − 02 6.49E − 03 8.53E − 03 1.05E − 10 1.88E − 09 5.69E − 02 1.53E − 03 6.38E − 02 0.00E + 00
80% 1.83E − 01 5.30E − 03 9.34E − 17 4.23E − 01 1.15E − 02 1.52E − 03 9.47E − 18 3.15E − 15 1.98E − 189 8.82E − 10 4.12E − 02 1.46E − 08
(s.e.) 4.86E − 01 1.18E − 02 3.40E − 09 1.22E − 01 8.28E − 03 1.09E − 02 1.35E − 10 2.39E − 09 7.26E − 02 1.96E − 03 8.14E − 02 0.00E + 00
90% 3.88E − 01 1.23E − 02 2.17E − 16 6.13E − 01 2.58E − 02 7.85E − 03 3.43E − 17 7.10E − 15 5.57E − 187 5.65E − 06 9.49E − 02 6.89E − 05
(s.e.) 6.66E − 01 1.61E − 02 4.66E − 09 1.68E − 01 1.14E − 02 1.49E − 02 1.84E − 10 3.28E − 09 9.96E − 02 2.68E − 03 1.12E − 01 0.00E + 00

Table 10: Nonparametric estimates of the distribution of DFIin determinants, 1999–2005

REMOTE DO DDC GDPPC MKTCAP DEPOSITS BANK50 CPICH FIN10 FIN1050 HERITAGE EURO

Mean −2.14E − 02 4.40E − 03 −2.97E − 03 1.41E − 01 1.51E − 04 1.19E − 17 −4.38E − 05 3.01E − 17 6.46E − 04 −8.13E − 18 6.91E − 03 8.47E − 04
(s.e.) 3.01E − 01 1.42E − 02 6.12E − 03 6.32E − 02 1.13E − 03 2.53E − 10 3.25E − 04 2.59E − 10 2.29E − 03 2.00E − 10 2.48E − 02 0.00E + 00

10% −7.00E − 01 −9.71E − 03 −1.28E − 02 −1.87E − 01 −8.40E − 04 −3.06E − 17 −4.44E − 04 −1.75E − 16 −6.58E − 05 −1.99E − 17 −5.06E − 02 −1.39E − 16
(s.e.) 1.12E − 01 5.27E − 03 2.28E − 03 2.35E − 02 4.22E − 04 9.41E − 11 1.21E − 04 9.62E − 11 8.51E − 04 7.43E − 11 9.24E − 03 0.00E + 00
20% −3.17E − 01 −4.99E − 03 −3.67E − 03 −5.26E − 02 −3.59E − 04 −2.14E − 17 −1.89E − 04 −7.51E − 17 −9.57E − 07 −1.16E − 17 −2.54E − 02 −5.55E − 17
(s.e.) 1.50E − 01 7.07E − 03 3.05E − 03 3.16E − 02 5.66E − 04 1.26E − 10 1.62E − 04 1.29E − 10 1.14E − 03 9.96E − 11 1.24E − 02 0.00E + 00
30% −2.17E − 01 −9.57E − 04 −1.79E − 03 6.87E − 03 −1.26E − 04 −9.65E − 18 −6.08E − 05 −3.37E − 17 −5.52E − 12 −3.10E − 18 −1.10E − 02 0.00E + 00
(s.e.) 1.89E − 01 8.90E − 03 3.84E − 03 3.97E − 02 7.13E − 04 1.59E − 10 2.04E − 04 1.62E − 10 1.44E − 03 1.25E − 10 1.56E − 02 0.00E + 00
40% −9.69E − 02 8.60E − 04 −9.69E − 04 9.12E − 02 −4.09E − 05 −4.15E − 18 −3.49E − 06 7.92E − 18 −3.50E − 25 −2.80E − 20 −4.02E − 03 0.00E + 00
(s.e.) 2.36E − 01 1.11E − 02 4.80E − 03 4.95E − 02 8.89E − 04 1.98E − 10 2.55E − 04 2.03E − 10 1.79E − 03 1.56E − 10 1.94E − 02 0.00E + 00
50% 2.66E − 04 3.29E − 03 −4.08E − 04 1.42E − 01 1.35E − 05 9.29E − 20 −1.05E − 07 2.41E − 17 −1.85E − 168 −6.48E − 23 4.21E − 03 0.00E + 00
(s.e.) 2.73E − 01 1.29E − 02 5.56E − 03 5.75E − 02 1.03E − 03 2.30E − 10 2.96E − 04 2.35E − 10 2.08E − 03 1.82E − 10 2.26E − 02 0.00E + 00
60% 1.30E − 01 6.26E − 03 7.57E − 05 1.82E − 01 1.17E − 04 5.45E − 18 −3.50E − 34 5.71E − 17 5.33E − 68 6.19E − 81 1.04E − 02 5.55E − 17
(s.e.) 3.05E − 01 1.44E − 02 6.21E − 03 6.41E − 02 1.15E − 03 2.57E − 10 3.30E − 04 2.62E − 10 2.32E − 03 2.02E − 10 2.52E − 02 0.00E + 00
70% 2.86E − 01 9.04E − 03 4.86E − 04 2.52E − 01 2.41E − 04 1.21E − 17 5.51E − 12 8.92E − 17 3.58E − 12 1.14E − 26 2.22E − 02 1.04E − 10
(s.e.) 3.65E − 01 1.72E − 02 7.43E − 03 7.68E − 02 1.38E − 03 3.07E − 10 3.95E − 04 3.14E − 10 2.78E − 03 2.42E − 10 3.01E − 02 0.00E + 00
80% 4.75E − 01 1.44E − 02 8.13E − 04 3.59E − 01 6.58E − 04 4.07E − 17 4.38E − 05 1.36E − 16 7.30E − 06 7.93E − 21 4.20E − 02 2.54E − 06
(s.e.) 4.14E − 01 1.95E − 02 8.43E − 03 8.71E − 02 1.56E − 03 3.49E − 10 4.48E − 04 3.56E − 10 3.15E − 03 2.75E − 10 3.42E − 02 0.00E + 00
90% 6.75E − 01 2.65E − 02 1.47E − 03 4.99E − 01 1.45E − 03 7.75E − 17 3.24E − 04 2.12E − 16 1.40E − 04 8.10E − 19 6.13E − 02 6.83E − 04
(s.e.) 5.03E − 01 2.37E − 02 1.02E − 02 1.06E − 01 1.90E − 03 4.23E − 10 5.44E − 04 4.33E − 10 3.83E − 03 3.34E − 10 4.15E − 02 0.00E + 00
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Table 11: Nonparametric regression (univariate), bandwidths and significance tests (Racine, 1997; Racine et al., 2006)

REMOTE DO DDC GDPPC MKTCAP DEPOSITS BANK50 CPICH FIN10 FIN1050 HERITAGE EURO

DFOout

i
Bandwidth 0.035 0.158 0.021 0.068 0.168 7345836.000 1.864 0.657 0.780 3.081 62223.510 0.500
p-value 0.000 0.000 0.058 0.033 0.396 0.008 0.000 0.000 0.120 0.000 0.000 0.399

DFOin

i
Bandwidth 0.003 0.088 0.000 2693229.000 0.205 0.041 0.661 3.361 0.423 0.366 0.025 0.500
p-value 0.907 0.018 0.947 0.982 0.035 0.995 0.053 0.000 0.163 0.003 0.000 0.772

DFIout

i
Bandwidth 0.034 0.116 0.018 0.300 0.267 7109238.000 1.835 0.872 1575974.000 2.578 538439.200 0.500
p-value 0.000 0.000 0.000 0.048 0.093 0.003 0.000 0.000 0.003 0.000 0.015 0.752

DFIin

i
Bandwidth 0.003 0.080 0.013 3513623.000 0.148 0.046 0.711 2.259 0.466 0.389 0.023 0.500
p-value 0.905 0.030 0.238 0.594 0.103 1.000 0.050 0.000 0.243 0.008 0.000 0.393

Table 12: Appropriateness of the parametric specification (Hsiao et al., 2007)

Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model (7) Model (8) Model (9) Model (10) Model (11) Model (12)

DFOout J-statistic 6.957 2.387 5.594 3.923 6.236 2.650 4.905 3.847 4.247 3.915 2.309 2.370
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

DFOin J-statistic 5.986 5.934 5.541 5.343 3.782 2.839 5.114 5.106 4.778 5.510 4.983 5.240
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

DFIout J-statistic 7.783 2.733 6.921 3.821 4.388 3.821 5.439 3.158 4.917 3.563 2.310 3.929
p-value 0.000 0.005 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

DFIin J-statistic 7.278 7.186 5.951 5.820 5.566 5.723 5.283 6.227 6.405 6.268 6.202 6.475
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
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Table 13: Parametric vs. nonparametric models (Li, 1996)
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model (7) Model (8) Model (9) Model (10) Model (11) Model (12)

DFOout Actual vs. predicted (nonparametric) T -statistic 4.589 0.252 0.305 0.081 0.120 0.105 0.005 0.013 0.006 0.006 0.005 0.002
p-value 0.000 0.400 0.380 0.468 0.452 0.458 0.498 0.495 0.498 0.498 0.498 0.499

Actual vs. predicted (parametric): T -statistic 35.443 13.871 6.561 11.050 4.197 2.976 3.282 4.284 2.828 1.849 1.007 1.006
p-value 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.000 0.002 0.032 0.157 0.157

Predicted (parametric) vs. predicted (nonparametric): T -statistic 34.713 11.623 8.421 11.290 4.952 3.479 3.602 4.652 2.911 2.031 1.244 1.220
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.021 0.107 0.111

DFOin Actual vs. predicted (nonparametric) T -statistic 8.724 0.357 0.053 0.069 0.029 0.070 0.077 0.073 0.076 0.074 0.076 0.076
p-value 0.000 0.361 0.479 0.472 0.489 0.472 0.469 0.471 0.470 0.470 0.470 0.470

Actual vs. predicted (parametric): T -statistic 41.819 36.296 13.841 14.534 13.998 11.871 10.701 6.532 6.625 4.637 5.480 5.318
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Predicted (parametric) vs. predicted (nonparametric): T -statistic 32.854 35.657 12.178 14.575 13.724 10.377 10.023 6.032 6.365 3.980 5.692 5.435
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

DFIout Actual vs. predicted (nonparametric) T -statistic 4.985 -0.693 -0.577 -1.292 -1.311 -1.227 -1.327 -1.322 -1.323 -1.322 -1.323 -1.325
p-value 0.000 0.756 0.718 0.902 0.905 0.890 0.908 0.907 0.907 0.907 0.907 0.907

Actual vs. predicted (parametric): T -statistic 37.094 15.877 11.638 8.755 3.841 3.083 2.140 2.147 1.262 0.853 0.378 0.225
p-value 0.000 0.000 0.000 0.000 0.000 0.001 0.016 0.016 0.103 0.197 0.353 0.411

Predicted (parametric) vs. predicted (nonparametric): T -statistic 38.886 15.169 14.963 9.156 4.074 3.382 2.196 2.517 1.624 1.309 0.748 0.610
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.014 0.006 0.052 0.095 0.227 0.271

DFIin Actual vs. predicted (nonparametric) T -statistic 5.162 0.036 -0.004 -0.004 -0.004 0.000 0.001 -0.007 0.002 0.000 -0.002 -0.001
p-value 0.000 0.486 0.502 0.502 0.502 0.500 0.500 0.503 0.499 0.500 0.501 0.500

Actual vs. predicted (parametric): T -statistic 41.693 40.678 15.428 15.405 15.430 11.507 7.651 3.764 3.285 1.748 2.730 2.811
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.040 0.003 0.002

Predicted (parametric) vs. predicted (nonparametric): T -statistic 25.424 37.718 15.001 15.764 14.876 10.621 6.973 3.260 2.555 1.549 2.199 2.282
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.005 0.061 0.014 0.011
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Figure 1: Nonparametric regression, DFIout
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Figure 2: Kernel density estimates
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Topic: The use of Capital Budgeting Techniques in businesses: A perspective   
             from the Western Cape. 

 
Abstract 
Capital budgeting is one of the most important areas of financial management. There are several 

techniques commonly used to evaluate capital budgeting projects namely the payback period, 

accounting rate of return, present value and internal rate of return and profitability index. Recent 

studies highlight that financial managers worldwide favor methods such as the internal rate of 

return (IRR) or non-discounted payback period (PP) models over the net present value (NPV), 

which is the model academics consider superior.In particular this research focused on small, 

medium and large businesses and investigated a number of variables and associations relating to 

capital budgeting practices in businesses in the Western Cape province of South Africa.  

  

The results revealed that payback period, followed by net present value, appears to be the most 

used method across the different sizes and sectors of business. It was also found that 64% of 

businesses surveyed used only one technique, while 32% of the respondents used between two to 

three different types of techniques to evaluate capital budgeting decisions. The findings show 

that the more complicated methods such as IRR and NPV are most favored by the large 

businesses as compared to the small businesses. The majority of the respondents believed that 

project definition was the most important stage in the capital budgeting process. Implementation 

stage appeared to be the most difficult stage for the manufacturing sector whereas Project 

definition, Analysis and selection and Implementation were generally rated as being the difficult 

stages by the retail sector. Project definition and Analysis and selection were found to be the 

most difficult stages by the service sector. Most businesses used the cost of bank loan as a basis 

in capital budgeting and more than two thirds of respondents used non-quantitative techniques to 

consider risk when making a decision on investing in fixed assets.  

 

Key words: Capital budgeting, NPV, IRR, PP, DCF 
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The use of Capital Budgeting Techniques in businesses: A perspective from the Western 
Cape. 
 

1. Introduction 

Capital budgeting plays a pivotal role in any organisation’s financial management strategy. 

Gitman (2007:380) defines it as the “process of evaluating and selecting long term investments 

that are consistent with the business’s goal of maximising owner wealth”. Typically every 

organisation that embarks on this process must take all necessary steps to ensure that their 

decision making criteria supports the business’s strategy and enhances its competitive advantage 

over its rivalries. The realisation that a business leverages its competitive advantage on its 

resources and on how it undertakes decisions relating to the use of its resources, such as 

financial resources call for managers to make informed decisions. Managers world over have 

developed both systematic and non-systematic ways to handling capital budgeting procedures in 

their organisation. In today’s highly competitive environment, managerial decisions are usually 

but not always based on informed research and information .  

 

This paper reports on the findings of a survey on managers of registered business businesses in 

the Western Cape Province of South Africa on how they undertook capital budgeting practices. 

The survey followed similar surveys that were conducted around the globe such as Sandahl & 

Sjogren, 2002; Kester and Chong, 2001;  Kester, Chong, Echanis, Haikal, Isa, Skully, Tsui, & 

Wang, 1999. The survey is the first one of its kind in South Africa in general and in the Western 

Cape Province in particular 

  

2. Literature Review 

Many scholars and researchers agree that capital budgeting decisions are crucial to a business’s 

performance (Swain & Haka, 2000; Arya, Fellingham & Glover, 1998). Capital budgeting plays 

a crucial role in a business’s competitive model. This explains why Kwak, Shi, Lee & Lee 

(1996) state that capital budgeting is not a trivial task. A business whose ability to effectively 

develop a feasible mechanism for capital budgeting may gain a better competitive advantage to 

its rivalries in an environment characterised by change and volatility (Louw, 2007; Lazaridis, 

2004).  
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Literature on capital budgeting practices in South Africa is rare. However there are a number of 

researches that have been conducted internationally that provide interesting insight on the 

subject of capital budgeting practices in general for example: Hermes, Smid & Yao (2007); 

Lazaridis (2004); Sandahl & Sjogren (2002); Kester et al (1999); Drury & Tayles (1996) and Jog 

& Srivastava (1995).  A closer look at the major international researches show that the majority 

of them concentrated on capital budgeting practices in large businesses. A few included small to 

medium enterprises. The point of departure from other researches is that this research included 

small, medium and large businesses in a South African context.   

 

There are variety of methods and techniques that managers can use to facilitate capital budgeting 

procedures (Horngren, Foster & Datar, 1997; Ross, 1995). In practice capital budgeting 

techniques  show divergence from business to business and in some instances from manager to 

manager. In some instances, theory seems to be ignored by managers in the process of decision-

making (McDonald, 1998). It will be beneficial to find out the nature of capital budgeting 

practices in South Africa. Such knowledge will help  to further develop theories on modern 

practice while at the same time will be of great benefit to policy makers and academics in the 

areas such as financial management, banking , education and training. 

 

In the last three decades, empirical research involving both large and small sized businesses has 

been conducted extensively on the use of capital budgeting techniques. Hermes, Smid & Yao 

(2007); Lazaridis (2004); Sandahl & Sjogren (2002); George & Chong (2001); Kester & Chong 

(1999); Drury & Tayles (1996) and Jog & Srivastava (1995)  provide details  of empirical 

studies on capital budgeting practices in Asia, Cyprus, Netherlands & China, Sweden, Canada, 

Singapore and the UK respectively. These surveys, which have focused on methods of 

evaluating project profitability and risk, have shown that the sophistication of the analytical 

techniques used by United States executives has increased over time. Discounted cash flow 

(DCF) techniques, such as Net Present Value (NPV) and Internal Rate of Retum (IRR), have 

become the dominant method of evaluating and ranking proposed capital investment  (Kester et 

al (1999). 
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Hatfield, Horvath, and Webster (1998) as cited by Lazaridus (2004) investigated the importance 

of payback period (PP), average rate of return (ARR), internal rate of return (IRR) and net 

present value (NPV) capital budgeting techniques on the performance and value measures of 

businesses. They found out that businesses analyzing all projects had higher share prices on 

average as compared to those that did not. In addition to this, they also found, in contrast to the 

theory of finance, that the NPV technique did not maximize the value of the business. Their 

results thus suggested that businesses should not use single capital budgeting technique but 

instead should apply as many methods as possible for a project evaluation. 

 

Interestingly Niels, Hermes, Smid  & Yao (2007)  provide evidence that Dutch managers on 

average use more sophisticated capital budgeting techniques than Chinese managers tasked with 

capital decision making. This finding may be attributed, amongst other factors, that the 

Netherlands is more developed economy compared with China. In comparison South Africa is a 

developing nation and may show similar results as that of China. 

 

This research presents a description of capital budgeting practices in the Western Cape province 

of South Africa. The motivation behind the research centred on the scarcity of empirical research 

on capital budgeting practices as compared to other countries such as the United States of 

America, Britain, China, Netherlands, Canada and Singapore as indicated above. Through this 

research, additional empirical evidence relating to capital budgeting practices in South Africa 

was sought.  In particular this research focused on small, medium and large businesses and 

covers South Africa for the first time. A number of variables and associations relating to capital 

budgeting practices in business businesses in the Western Cape Province of South Africa were 

investigated.  

 

 

3. Methodology 

 The research sought to gather both quantitative and qualitative data relating to capital budgeting 

practices in the Western Cape. Data was obtained through a survey of registered business 

businesses ranging from small to large businesses. Managers who were responsible for capital 
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budgeting decisions were targeted. In order to achieve this, a total of 600 managers from the 

province’s different types of businesses ranging from small to medium and large were targeted 

as potential respondents. These were selected randomly from the directory of businesses in the 

Western Cape. The directory contains a list of registered businesses in the province, their 

location and contact details. The respondents were selected randomly from small, medium and 

large businesses listed on the directory. Due to the nature of capital budgeting practice, the 

research focused primarily on managers whose mandate included executing capital budgeting 

decisions in their businesses. In this regard, the survey sought to gather data on the experiences 

of the decision makers and the day-to-day practice associated with capital budgeting. The 

population was defined as those businesses that were located in the Western Cape Province, 

particularly within the Cape Town Metropolitan area. A pilot testing of the original survey 

interview schedule was first administered to ten managers across the three types of businesses 

that were studied before being fully utilised with the target respondents. The aim of pilot testing 

was to clarify and to check the relevance of some questions before interviewing. The informed 

responses gathered from the pilot survey were incorporated into the final version that was used 

to conduct the interviews with those managers who agreed to become respondents. A descriptive 

approach to the research finding was adopted. This was augmented by the chi square test 

technique that was used to measure association between variables.  Quantitative analysis of the 

data obtained was carried out using SPSS software. The qualitative issues raised during the 

research are incorporated in explaining associations and other relationships that were suggested 

by the research findings. Out of the 600-targeted interviews, a total of 211 interviews were 

successfully conducted. This gives a response rate of 35%. The following section, gives a 

detailed analysis of the research finding on capital budget practices in the Western Cape. 

 

4. Results & Discussion 

The following section discusses the main findings and results of the survey on capital budgeting 

techniques used in the Western Cape Province.  

 

4.1. Business size and sector  

The respondents were classified according to two criteria, according to business size and 

according to the sector the business operated under. The research utilised the 2006 Department 
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of Trade and Industry (DTI) definition to classify businesses into small, medium and large 

business. The DTI defines small businesses as those comprising of 5-50 employees, medium 

businesses as those comprising of 51-100 employees and large businesses as those comprising 

more than 100 employees. From the total 211 respondents 53% qualified as small businesses 

while 12% were medium and the remainder, 35% were categorised as large businesses. The 

respondents were further categorised according to business type. From the survey, a total of 46% 

represented the service sector while 34% were in retail and the remaining 20% were involved in 

manufacturing activities. 

 

4.2. Capital Budgeting Technique/s Employed 

Accounting literature distinguished between traditional (gut feel) and the modern discounted 

cash flow techniques.  Managers have an option to use either of these techniques or a 

combination of both. Capital budgeting theory favours the use of discounted cash flow (DCF) 

techniques as it takes into consideration the time value of money. Brealey & Myers (2003) 

explain that managers make capital budgeting decisions based on the assumption that the 

primary goal of the business is to maximise the shareholders’ wealth. This assumption means 

that a business will invest in projects that will yield a positive net present value. This view that 

has been supported by much empirical work for example Graham & Harvey (2001); Kester 

(1997) and many others, explain why DCF techniques have become dominant techniques for 

evaluating capital budgeting decisions particularly in large more structured businesses (Graham 

& Harvey ,2001). 

 

On the other hand empirical work by Graham & Harvey (2001) concluded that due to limited 

managerial skills, non-complicated techniques such as payback methods continue to dominate 

capital budgeting decision-making in smaller businesses. The respondents in this study were 

asked to indicate their usage of the different techniques on capital budgeting from a list that 

included both discounted and non-discounted methods. The results are shown in table 1, below: 

 
Table 1: Capital budgeting techniques used by businesses 
Method IRR NPV PI PP ARR No 

technique 
Percentage 28 36 28 39 22 10 
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The research findings suggest that the Payback Period (PP) technique (39% of respondents) was 

the popular technique used by managers in evaluating capital budgeting decisions. This was 

followed closely by the Net Present Value (NPV) technique (36%), Internal Rate of Return 

(IRR) and Profitability Index (28%), Accounting Rate of Return (22%).NPV seemed to be more 

popular than Internal rate of Return (IRR). 10% of the respondents indicated that they did not 

use any techniques associated with their decision making criterion, hence they used their gut feel 

or intuition to make decisions. Further analysis from the within group indicated that payback 

period (PP) method was popular amongst small to medium businesses while the large businesses 

favoured the NPV technique.  

 

4.3. Level of Qualification and Capital Budgeting Techniques used, by sector 

Given the diverse nature of respondents to the survey, the survey also sought to find out whether 

there was any relationship between a capital budgeting decision maker and their level of 

qualification. The following table 2 highlights the formal educational qualifications of the 

decision makers of the respondents. 

Table 2: Qualifications of Personnel Responsible for Capital Budgeting 

Highest Qualification Percent (%) 

Below grade 12 10 

Grade 12 16 

Diploma 14 

Degree 21 

Post graduate 39 

Total 100 

 

The research results seem to indicate that those decision makers that did not receive formal 

education mainly used their intuition or gut feel as compared to those that received formal 

training that were more inclined to use modern techniques such as DCF. A close analysis 

however revealed that the use of the DCF was more used by those that received formal finance 

and accounting training. In some instances, those that did not train formally in accounting 

practices or had limited educational backgrounds outsourced the accounting activity to experts 

who advised them accordingly.  
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A closer look at those businesses that used more than two methods indicate that all of them had 

at least a qualification of a diploma and the majority of them belonged to the post graduate 

category.  

 

Applying the Chi squared tests, the research findings indicated no association between level of 

qualification and the number of methods used. However a similar analysis indicated that there 

was an association between the qualification of a decision maker and the use of NPV (p<0.05). 

This is not surprising as there were more post graduates who had some accounting and finance 

background in this category who would have received formal training in financial techniques 

including capital budgeting.  

 

While the payback period technique seemed to be popular, this observation must be viewed 

cautiously as some respondents indicated that they continued to receive training and were now in 

a better position to employ qualified employees than before. In addition they stated that they 

were updating their technology to meet the global competitive wave and as such were in line to 

use modern capital budgeting techniques. The following table, Table, 3, shows the percentage 

usage of the different types of methods by business sector: 

Table 3: Capital Budgeting Method by Sector Usage 

 Manufacturing (%) Retail (%) Service (%) 

IRR 24 25 32 

NPV 24 39 40 

PI 21 29 31 

PP 43 39 36 

ARR 21 17 26 

No technique  12 9 11 

 

 

The research findings suggest that the payback period is more likely used by businesses in the 

manufacturing sector, while those in the services sector prefer the internal rate of return. On the 

contrary, the net present value technique seemed to be used to the same extent by businesses in 
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both the retail and service sectors. The accounting rate of return seemed to be the least used 

technique  across all the business sectors. 

 

In general using the chi squared test analysis there seemed to be no association between the size 

of business and the use of the different capital budgeting techniques. The research established 

that 64% of businesses surveyed used only one technique, while 32% of the respondents used 

between two to three different types of techniques to evaluate capital budgeting decisions. Those 

that used more than two methods belonged to the post graduate category. The remaining 4% 

used no technique or applied gut feel or intuition when it came to capital budgeting decision 

making. 

 

A closer look at the age of business and number of techniques used suggested that there was no 

association between age of business and the number of techniques used and between the type of 

business and the number of techniques used. 

 

4.4. Business size & Capital Budgeting Method used 

The following table 4 shows the summary of responses given per category of business and the 

method used for capital budgeting: 

Table 4 : Business Category & Capital Budgeting Technique used 

Technique Small (%) Medium (%) Large (%) 

IRR 20 16 43 

NPV 27 36 50 

PI 27 24 36 

ARR 17 28 29 

PP 39 38 39 

No Technique 15 0 6 

 

The above results further confirm the theory that says as businesses increase in size they 

begin to use more complicated methods as compared to when they are small businesses. This 

research findings show that the PP is more used in small businesses as compared to NPV and 

IRR which are more used by larger businesses.  
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When applying the Chi squared tests, the results indicate that there was an association between 

the size of business and the use of the IRR and NPV techniques (p<0.05). The findings show 

that the more complicated methods such as IRR and NPV are most favoured by the medium to 

large businesses as compared to the small businesses. Further analysis of the results showed that 

there was no association between the size of business and the use of PP and ARR. There is an 

inverse relationship/association between size and not using capital budgeting techniques. It 

appears that size of a business has effect on the use of capital budgeting techniques. The smaller 

the size of a business, the lesser the use of capital budgeting techniques (p< 0.05). The results 

also indicated that the PP method was equally used across all sizes of businesses.  

 

4.5. Sector of Business and the Most Important Stage in Capital Budgeting 

Gitman (2007:380) explains that capital budgeting process consist of five distinct but 

interrelated steps, namely proposal generation, review and analysis, decision making, 

implementation and follow-up. For the purpose of this study, capital budgeting procedures were 

categorised into four main stages, namely, project definition, analysis and selection, 

implementation and finally the review stage. 

 

While each of the steps identified above is important, in practice managers attach different 

importance to each of these stages. Each of the respondents was asked to rate each of the four 

stages in order of importance on a scale of 1-4 (4 being most important) This research sought to 

identify the importance attached to each stage in the capital budgeting process. The following 

table 5 summarises the responses obtained.  

Table 5: Importance of Capital Budgeting Stage 

Stages in 

capital 

budgeting 

Project 

definition 

Analysis and 

selection 

Implementation Review 

Percentage  56% 26% 8% 3% 

 

The majority of the respondents, 56% believed that project definition was the most important 

stage. The analysis and selection stage were deemed important by 26% of the respondents and  
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8 % of the respondents thought that the implementation stage was the most important while 3% 

considered the review method as being important. All the sectors and size of businesses felt that 

the project definition stage to be the most important stage in the capital budgeting process. 

 

In trying to further clarify the importance attached to each of the stages in capital decision-

making, the research further sought to identify the difficulty that managers attached to each of 

the stages of capital budgeting. Each of the respondents was asked to rate each of the four stages 

in order of difficulty on a scale of 1-4 (4 being most difficult).The following table 6 gives a 

summary of the level of difficulty.  

 

Table 6: Level of Difficulty in the Capital Budgeting Stage 

Stages in 
capital 
budgeting 

Project 
definition 

Analysis and 
selection 

Implementation Review 

Percentage 32% 31% 28% 3% 

 
It appears that Project definition and Analysis and selection were the most difficult stages (each 

31%) followed by Implementation (28%).The analysis was pursued further  on the different 

sectors of the business in order to establish if all the sectors felt the same about the most difficult 

stage in capital budgeting. Table 7 below shows the most difficult stage in the capital budgeting 

process by sector. 

Table 7: Level of Difficulty and Sector 
Stages in 
capital 
budgeting 

Project 
definition 

Analysis and 
selection 

Implementation Review 

Manufacturing 29% 24% 41% 5% 
Retail 28% 33% 31% 3% 
Service 35% 35% 21% 3% 

 
The Implementation stage appeared to be the most difficult stage for the manufacturing sector.  

Project definition and Analysis and selection and Implementation were generally rated as being 

the difficult stages by the retail sector whereas Project definition and Analysis and selection 

were found to be the most difficult stages by the service sector. Interestingly further analysis into 

the size of the business revealed that project definition was the most difficult stage for small 

businesses; implementation was the most difficult stage for medium businesses and analysis and 
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selection was the most difficult stage for the large businesses.These findings warrant further 

research on this discrepancy. It may be assumed that lack of skills may be one of the variables 

that contribute to this. 

 

Given the importance attached to each of the processes as stressed by Gitman (2007), the 

research findings seem to suggest that there is a need for managers to review their perception on 

the importance they attach to each stage in the process. This may assist them in identifying 

deficiencies in the methods or in the whole capital budgeting process itself. Such a realisation 

will help organisation to be always on the right footing in terms of their competitive model. The 

fact that the review process is not deemed important suggests that mangers continue to follow 

the same capital budgeting process without taking into consideration any comments from the 

review process. Such an approach may have negative repercussions to the business’s financial 

management policy and subsequently may affect the business’s overall performance. 

 

4.6. Interest Rate Charges and basis used in Capital Budgeting 

Interest rates play a pivotal role in capital budgeting decisions as they impact on the cost of the 

capital and therefore on the profitability of the entity. The research identified the interest rate 

that decision maker’s use in capital budgeting decisions.  24% of respondents used the cost of 

bank loan as a basis, while 12% used weighted average cost of capital (WACC) and 15% used 

past experience as a basis of determining the cost of capital.39% of respondents stated that they 

did not use time value of money in their decisions on capital budgeting.There was no association 

between the size of business and interest rate charged and between the sector of business and 

interest rate charged. There was also no association between the age of the business and the 

interest rate charged.  

 

During the period of research, the prime lending rate of interest was 12%. In response to the 

enquiry on what interest rate managers were charged in their latest investment or project that 

involved capital budgeting, the research results indicate that those businesses that secured a rate 

of below 10% were predominantly from the services sector. In the interest rate category 10-15%, 

the manufacturing sector accounted for the highest percentage. 31% of all the businesses were 

charged an interest rate, which was less than 10%. 60% of the businesses paid between 10-15% 
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interest rate. A total of 38% of those businesses that paid less than 10% were in the 11-20 years 

of existence, while 30% of those that paid less than 10% had been in business for less than 10 

years. A total of 62% of the businesses who were in operation for less than 10 years paid 

between 10 to 15% interest rate. 

 

4.7. Use of Subjective technique (Non-quantitative techniques) 

The research findings indicate that more than two thirds of respondents used non-quantitative 

techniques to consider risk when making a decision on investing in fixed assets. In terms of 

business sector on the use of non quantitative techniques, 69% were from manufacturing; 73% 

from the retail sector and 78% from the service sector. 

 

In addition, the Chi squared test analysis indicated that there was no association between the 

level of qualification and the use of subjective techniques in considering risk when making a 

decision about long-term projects. However the finding suggests that those that had a post 

graduate qualification accounted for the highest percentage, 74% of the respondents used 

subjective techniques. Of those that responded positively to subjective techniques, 29% of them 

use the method of shortening the payback period, 21% use expected values of cash flows, 16% 

increase the profitability requirements and 16% use more than one method to consider risk when 

making a capital budgeting decision.  

 

4.8. Use of quantitative techniques  

A total of 40% of the respondents used quantitative techniques to consider risk. There was no 

significant difference between the various sectors and the use of quantitative techniques used. 

However the research findings indicated that businesses involved in manufacturing were less 

likely to use quantitative as compared to those in retail and service related businesses.  

 

The results also revealed that those managers that had higher qualifications were more inclined 

to use quantitative methods more than those that were lesser qualified. A total of 47% of 

postgraduates reported using quantitative techniques to consider risk. 

 

4.9. Capital Budgeting Decisions Makers 
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One important dimension of capital budgeting practices relates to the decision maker. Different 

organisations use different decision makers to make capital budgeting practices. The following 

table 8 shows decision makers responsible for making capital budgeting decisions in terms of the 

size of the business. 

 

Table 8: Capital Budgeting Decision Makers 

Decision Maker Small (%) Medium (%) Large (%) 

Owner 80 56 35 

Operations Manager 5 4 21 

Finance 18 32 38 

Team Decision 9 16 27 

 

The above results show that at least a third of business owners in the Western Cape are directly 

responsible for capital budgeting decision.  The findings further suggest that different business 

level managers have limited influence on capital budgeting decision-making. The influence 

however increases with the increase in the business’s size. It would seem that finance section 

had a significant influence in all decisions making scenarios.  

 

A similar view can be expressed as regards the role played by teams in capital budgeting. One 

plausible explanation that respondents indicated relate to the nature of small businesses. The 

majority of the interviewees in the small business category who operated their businesses had 

limited operational structures generally associated with larger corporations. This may be a 

reason why owners dominated capital budgeting decision-making in small businesses. The same 

however cannot be attributed to larger businesses as they have more formalised structures and 

large work forces. Consequently, the above results suggest that any policy issues or training 

related issues associated with capital decision-making should be directed towards owners, as 

they are active in capital decision-making. 

 

5. Conclusion 

This research has revealed the nature of capital budgeting practices in the Western Cape. In 

particular capital budgeting practices decision makers were considered, the impact of the 
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business size, level of education of decision makers, the process of capital budgeting and lastly 

the association between certain variables and capital budgeting were all considered. Interestingly 

the research finding in some cases, supported theory for example on the aspect of the level of 

education and method used while in some instances the results were contrary to theory for 

example the payback method still remains a popular method despite its disadvantages.   

 

6. Limitations of the study and future research 

The definition of company sized was based on the on the number of employees. Other indicators 

of business size such as capital employed; turnover were not considered. The research did not 

look into such aspects as race and gender of the managers involved in capital budgeting. It is 

proposed that future researches may look into these variables to determine their impact on 

capital budgeting. Future researches on capital budgeting in South Africa should also investigate 

whether the use of more than one method in capital budgeting has any impact on the financing of 

capital budgeting expenditures and to what extent it affects the accept/reject decision.  
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Abstract
Although  there  is  a  lack  of  consensus  regarding  derivatives  and  the  development  of
shariah-compliant funds to mimic hedge funds in order to tap the global surplus liquidity
especially the Gulf petrodollar, shariah scholars are  generally agreeable that hedging is
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Islamic Hedging: 
Gambling  or Risk Management?

1.0 Introduction:

Hedging  is  one  of  the  new instruments  which  have  been  designed  to  fulfill  modern

financial needs of both individuals and businesses. It is an approach to risk management

that uses financial instruments to neutralize the systematic risks of price changes or cash

flows (Cusatis and Thomas 2005). Hedges are investments made to minimize or remove

the risk of another investment. It is used to minimize exposure to business risks, at the

same time allowing a business to gain profit from investment activities. Hedging is closely

associated with the use of derivatives as financial instruments to minimize losses of a

financial or business investment. A Derivative is simply a financial instrument or asset

that derives its value from the value of an underlying asset. The most common instruments

are forwards, futures and options.

In recent years the growth of Islamic Banking and Finance has been phenomenal and has

outstripped  the  growth  of  conventional  banking.  According  to  Ford  and  Marks  (the

Banker  2007)  the  Islamic  share  of  the  USD  11  billion  for  the  GCC  and  Malaysian

investment banking revenue pool is estimated to be between 10% to 20%. The Banker

also reports that there is a rapid growth in the number of Muslims (now stands at 1.5

billion) and by 2020 it is estimated that there will be 2.5 billion Muslims, comprising 30

%   of the world’s population. In the next eight to ten years, Islamic banks will account for

40%-50% of total savings for the Muslim population (The Banker 2007).

According to a report by the General Council for Islamic Banks and Financial Institutions

(GCIBFI) in 2008 the estimated number of Islamic banks around the world has reached

396 in 53 countries and that according to   Moody’s report, the total   volume of funds
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managed by the Islamic banking industry stands at approximately US $700 billion

globally with an average annual growth rate of 15 per cent (Al Nasser 2008).

The  rapid  increase  in  Muslim  population  and  their  financial  activities,  the  global

awareness  and  interest  on  Islamic  banking  and  Finance  and  the  availability  of  huge

liquidity surpluses in the form of petrodollar from the Gulf have all contributed to this

phenomenal growth.  

Investors for Islamic investments can be divided into three groups. The first is the shariah-

compliant investors who would only put their money in investments that comply with

Islamic law. The second is the “shariah-compliant preferred investors” who would invest

in both conventional and Islamic but would always have preference for shariah-compliant

products  and the  third group is  the  returns sensitive  performance who would take up

Islamic investments if their returns are better than other investments. The first and second

group of investors could be influenced by religious or ethical beliefs while the third are

purely guided by returns and performance and regard   Islamic investments as just another

asset class. The good track record of performance for many of the Islamic  asset classes

and their superior risk bearing features especially during the economic downside have

attracted not only the “faith based” investors who now feel less of a trade off between

ethics and returns, but also those who are purely returns sensitive. 

As Islamic investments grow, so do the need to protect and hedge such investments and

Islamic  financial  instruments  would  have  to  be  as  good  as  if  not  better  than  their

conventional  counterparts  if  they  were  to  really  attract  more  “performance  sensitive”

investors.  Global hubs for Islamic banking and finance like Kuala Lumpur, Dubai and

Kuwait are witnessing phenomenal growth in the industry and this is accompanied by the

need for more sophisticated products to meet the demands of the modern financial world

including  tools  for  risk  management.  But  the  shariah  issues  and  the  differing

interpretations on what can be considered as permissible according to shariah or Islamic

law remains a big challenge. 
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Hedge funds have been put at the heart of a serious argument among Islamic scholars over

whether their practices – particularly short-selling – can be complied with prohibitions on

riba or paying interest and on   gharar (uncertainty) sales and excessive speculation. It is

difficult to separete hedge funds from speculation and while many scholars accept the

need for risk management and hedging, the financial tools applied are often the same. The

challenge is for scholars to assess the shariah compliance of the strategy—is hedge funds

investing for profit and hedging or is it pure speculation and gambling? (Mackintosh  &

Oakley 2008).  Given the enthusiasm on Islamic finance,  some financiers  are  keen on

developing shariah-compliant funds by borrowing rules originally used by traders in order

to duplicate the effect of short-selling, that is borrowing shares to sell with the intention of

making  profit  from  a  fall  in  the  price  later.  However,  shariah  scholars,  bankers  and

investors  are divided over whether Islamic versions of hedge funds can repeat the success

of other products, given that based on Islamic laws,  pure speculation is tantamount to

gambling and is prohibited.

2.0 The Case for   Hedging

All businesses and financial  investments carry risks.  For example,  the nature of some

businesses expose participants to price or currency volatility that may result  in higher

costs,  reduced revenue, reduced profits and even losses.  Hedging is a strategy to offset

investment risk so it is often regarded as essential to businesses to use it as a strategy to

eliminate or reduce these risks. 

2.1 Hedging and the derivatives market

Hedging is an investment that is taken up specifically to reduce or cancel out the risk in

another investment. It is a strategy to minimize exposure to an unwanted business risk,

while still allowing the business to profit from an investment activity. By reducing risk

exposure,  hedging allows companies to focus on their  core businesses.  Hedging is  an

important  risk management  tool  for  a  wide range of  interested parties  including fund
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managers, corporate treasurers, individual businesses, portfolio managers, pension fund

managers, and bank managers.

By its nature, the hedging process is closely related to the financial derivatives market. A

derivative instrument is simply a financial instrument or asset that derives its value from

the value of an underlying asset. A forward contract is a contract between two parties to

undertake sale and purchase of an asset and to complete the transaction at a future date but

at a price determined today. The development of a forward market came more as a result

of necessity in business and trading for example to secure future  supply of commodity as

well as the need to lock in price amidst the possibility of  price fluctuations. As such,  it

first evolved as a hedging tool.  Later, some of the problems and weaknesses with the

forward  market gave rise to other types of instruments as we see today:  futures, options

and swaps and these are  not only used for hedging purposes but with the development of

hedge funds, derivative instruments are used as tools in  financial investments to give

good returns to investors. 

2.2 Do Hedge Funds Involve in Hedging?

Are hedge funds and hedging the same thing? The first hedge fund was set up by Alfred

Jones in 1949. It was first started as a way to eliminate a part of market risk by short-

selling. He was the first to use short sales, leverage and incentive fees. By 1966 the Jones’

fund had outperformed all the mutual funds even net of a hefty 20% incentive fee. The

first rush into hedge funds followed and the number of hedge funds increased to over a

hundred in that year. Originally hedge fund was to offer plays against the markets, using

short selling, futures and other derivative products. But today funds using “hedge fund”

appellation  follow  all  kinds  of  strategies  and  structure.  So  hedge  funds  cannot  be

considered as a homogeneous asset class as some are highly leveraged; others are not,

some engage in hedging activities; others do not, some focus on macroeconomics bets on

commodities, currencies, interest rates while others are “technical” taking advantage of

mispricing of some securities in their markets and so on. There are currently more than
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8000  hedge  funds  available  from  nearly  3,000  managers.1 Of  the  total  hedge  funds

globally, 66 % are located in the US, 25 % in Europe and 9 % in Asia.2 

2.3 Hedgers Vs Speculators

Undoubtedly, derivatives as instruments of hedging are important risk management tools,

but they can also be used by speculators to speculate. While a hedger uses derivatives to

reduce his exposure to risks, a speculator uses the same instruments to expose himself to

risks to make profit. Thus the use of derivatives  in recent years have been popular for a

wide  range  of  interested  parties  including:  fund  managers,  corporate  treasurers,

speculators, individual businesses, portfolio managers, pension fund managers and bank

managers. Are the activities from the players in the derivatives market useful from the

industry and the societal point of view? 

Hedging  is  undoubtedly  useful.  Apart  from  enabling  businesses  to  plan  better,  the

reduction in price and revenue fluctuation would lower costs and this can be passed on to

consumers in terms of lower prices. On the other hand, speculative activities tend to have

a bad name. This has been well documented especially in relation to the financial and

exchange rate crises of the last century for example the role associated to big speculators

like George Soros in the 1997-98 Asian financial crisis. But according to Obiyathullah

Bacha (1999), the benefits of speculation includes 1) increased trading volume reduces

transaction costs  thereby making it  cheaper  for  genuine  hedgers  to  hedge 2)  hedging

increases liquidity. Market becomes deeper and broader thereby reducing execution risks.

3) Speculators are willing to take risks which allow hedgers to have someone to pass on

their risks. 

3.0 Shariah Issues in  Hedging 
1  Van Hedge Fund Advisors International and www.hedgefund.net accessed 25 August 2008
2 Dow Jones News Wires 14 September 2006

2158



Basically  scholars  agree  that  hedging in  order  to  reduce risk or  protect  investment  is

allowed in Islam, but most scholars are uncomfortable about the use of derivatives to

make speculative gains as are commonly used by hedge fund managers. The conventional

derivative instruments of forwards, futures, swaps and options in their present form are

not considered as  shariah-compliant.3

Even  hedging  provides  some  complications  for  shariah  scholars.  Hedging  is  used  by

investors  and  in  some  cases  by  traders  --importers  and  exporters--  to  reduce  risk  of

exchange rate exposure. Hedgers hedge in order to reduce risk as opposed to speculators

who expose themselves to risk in order to gain profit which according to some scholars

tantamount to gambling. Shariah scholars argue that hedging is allowed if the sole purpose

is to hedge (protect) against loss of value as a result of for instance currency fluctuation in

the transaction of real assets. But speculation is disallowed because speculators go into the

market not for “real” transactions but for speculative reasons which are divorced from real

business activities.  Speculation also may contain elements of  riba,  gharar,  and maysir

which are prohibited in Islam.

The  problem  is  when  hedgers  enter  the  market  they  certainly  do  business  with  the

speculators. For example a Malaysian exporter sells Malaysian products and quotes price

at US$ 10 million but expects to get paid in 6 months. If currently the exchange rate is

RM 3.5/US$, his export earnings in ringgit would be RM 35 million. However if ringgit is

expected to appreciate to RM 3.0/US$ in 6 months’ time he might just get RM 30 million,

a loss of total RM 5 million simply because of currency value changes of which he does

not have control. In order to protect against this loss he could enter a forward market now

by buying ringgit at say RM 3.5/US$, for US 10 million.  In 6 months if his guess is

correct and ringgit does appreciate to RM 3.00 to a dollar, he uses 1 dollar to buy RM 3.5

in the forward market. He would then sell  ringgit to get US dollars. For every 1 dollar, he

gets a profit of RM 0.5, for 10 million dollars, he gets RM 5 million, enough to cover him

for the loss of RM 5 million from his export earnings. 
3 See for example the decisions by shariahh panel of advisors of Accounting and Auditing Organization for
Islamic Institutions (AAOIFI shariah standard).
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However his involvement in the forward market necessarily involve the other party the

speculators,  who  speculate  otherwise  –who  would  sell  ringgit  because  he  speculates

ringgit to depreciate. Without the speculators, and only the traders who want to do forward

trading, the derivatives market is impaired (Saadiah Mohamad 2007).  Obiyathullah Bacha

(1999) argues that speculators play an important role in risk dissipation (risk sharing). 

Khan (1991) discusses the different types of transaction in a currency derivative market

that involves spot, forward, futures, and swaps and concludes that the conventional system

in the forward, futures and swaps are not in line with Islamic principles. The spot market

is allowed and is clear based on the hadith of the prophet. 

Gold for gold, silver for silver, wheat for wheat, barley for barley, dates for dates,

salt for salt, like for like, equal for equal, hand to hand. If these types differ, then

sell them as you wish, if it is hand to hand (Muslim)

This has been taken to mean that when commodity money is exchanged (like gold and

silver) they should be of equal amount and the transaction should be completed on the

spot. The exchange of different units of one specie for another as in the case for eg, of

gold for silver is allowed as long as the transaction takes place on the spot.

There  seems to be a consensus that speculation using the derivatives market through the

forward, futures, swaps and options transactions are not in line with shariah principles as

they involve elements of gharar (uncertainty) and maysir (gambling or game of chance). 

In addition, because speculation in the derivatives market is done in view of profit and not

to facilitate trading or a real business activity, the actual delivery of the underlying asset

seldom occur.  This  kind of  speculation can be highly destabilizing and the danger of

excessive speculation has been well documented for example in relation to currency and

financial crises and recently in the oil price hike. The danger is caused by the fact that

speculative activities may no longer be tied to real economic activities and may distort the

demand and supply conditions of the real economy. 
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 Shariah scholars also point to the highly leveraged derivatives market, and that the fact

that the trading volume of derivatives is much larger than the underlying asset volume,

signifying the highly speculative nature of the market. The leveraging strategy involves

sale of debt and promises (which is prohibited in Islam)  many times over and this has

contributed to the creation of many layers of leverage activities  which  expose investors

to very high risks.  

4.0 Derivatives and Hedge Funds 

Investors  who demand shariah-compliant  financial  products  could not  invest  in  hedge

funds  nor  hedge  using  the  conventional  methods  using  forwards,  futures  and  options

because  these  are  not  endorsed  by  shariah  scholars  to  be  shariah-compliant.  This  is

because most if not all strategies used by hedge funds have shariah issues that include:

1. Short selling-involves selling something you do not own

2. Ba’i dayn bi –dayn , involves sale of debt or promises 

3. May involve elements of gharar or uncertainty and Maysir or game of chance

4. Leverage involves element of interest or riba 

While issues such as gharar and maysir are a matter of degree and are still debated among

shariah scholars and industry practioners, the prohibition on riba is clear and therefore

structuring  a  shariah  compliant  instrument  would  clearly  have  to  avoid  the  interest

element. This means also that conventional hedge funds which use short sale and leverage

cannot be used for Islamic investment as loans involve riba. 

Another  problem  is  that  it  would  be  very  difficult  to  find  any  hedge  funds  exactly

compatible with all Islamic rules.  Islam prohibits selling what you do not own so short-

selling  is  not  permited.  Furthermore  in  Shariah  law making money through debt  and

interest payments is not acceptable, so fixed income funds and convertible funds are not

allowed. Islamic rule also forbids investments in companies in which their activities are
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related to tobacco, gambling, and alcohol, and most media and entertainment are also not

allowed. Sectors that are clearly acceptable include healthcare, science and technology, oil

and gas, consumer products, and basic industries.

4.1 Scholars’ Opinions on Options Contract

Derivatives are generally non shariah-compliant because of the issue of gharar and ba’i

dayn bi-dayn ie. selling dayn (debt or obligation) for debt or money is prohibited. An

option is generally considered not acceptable because it is not an obligation (a right but

not an obligation) and that the payment is for some “right” not a property. If it was a

promise to buy or sell then it is not a problem, the crux   of the matter is it is the buying or

selling  of  a   “right”  not  a  property.  Further,  a  right  and  not  an  obligation  makes  it

dependent upon future events and thus introduces an element of gharar or  uncertainty and

maysir (gambling or game of chance). A forward could be acceptable but its non payment

in full creates the problem of selling promises similar to  ba’i dayn bi-dayn. 

However, the views of scholars could vary and depend on which perspective or angle they

take. Some have examined the validity under the doctorine of al-khiyarat or contractual

stipulations while others have drawn parallels between options and bai-al-urbun. Urbun is

a transaction in which a buyer places an initial good faith deposit with the seller (very

much like the down payment), if the buyer decides to proceed with transaction then it is

deducted from the total payment, otherwise it is forfeited. In another case Abu Sulayman

(1992)4 views options as totally detached from the underlying asset. 

When viewed separately as a promise to buy or sell an asset at a predetermined price

within a stipulated period, Obiyathullah Bacha (1999) noted that shariah scholars find

nothing objectional with options.  However it  is in the trading of this promise and the

charging of premiums that objections are raised. Ahmad Muhayyuddin Hassan5 objects

option on two grounds, first that the maturity beyond three days as per khiyar-al-shart

(stipulated option for a fixed period) is unacceptable and second, that the buyer of an
4 see Mohammad Hashim Kamali pp39-41
5 see Mohammad Hashim Kamali pp. 37-38
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option  is  granted  much  more  benefits  than  the  seller  and  this  he  considers  as  an

“oppression and injustice”. Thus Abu Sulayman (1992), Taqi Usmani (1996) and Ahmad

Muhayyudin Hassan (1986)6 have not approved of option contracts in the form that exist

in the market today. 

 Obiyathullah Bacha (1999) points out that arguments that regard conventional options not

permissible on the grounds of gharar and maysir because they are primarily transacted for

speculative gains can be rejected. Gharar does not have a consensus definition and may be

the result of  jahl (ignorance), inadequate information or lack of transparency. He notes

that modern derivatives market with standardised  contract specifications and controls by

regulators may render these argument invalid. And to argue that gains in this transactions

are unearned and thus involve elements of maysir or gambling ignores the fact that both

the buyer and seller take on risks and that the buyer also has at stake the premium he has

paid.  

In an in depth analysis on this matter, Mohammad Hashim Kamali (1995) examines the

practice of modern day options trading in the light of Islamic Commercial Law; including

issues  related  to  the  basic  option  contract,  and  the  validity  of  parameters  such  as

premiums, time to maturity and delivery. He concludes “that there is nothing inherently

objectional in granting an option, exercising it over a period of time or charging a fee for

it and that options trading like other varieties of trade is permissible mubah and as such it

is simply an extension of the basic liberty that the Quran has granted (Hashim Kamali

1995).  

4.2 Shariah Scholars’ Opinions on Futures Contract

Obiyathullah  Bacha  (1999)  notes  some  inconsistencies  in  arguments  among  scholars

concerning forwards and futures contracts.  Mufti Taqi Usmani (Islamic Fiqh Academy

6 See Obiyathullah Bacha (1999)
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Jeddah)7 states  that  modern  day  futures  contracts  are  invalid  for  two  reasons.  First,

according to shariah sale or purchase cannot be affected for a future date. Therefore all

forward and futures transactions are  invalid in shariah.  Second,  future delivery of  the

commodities  or  their  possession  is  not  intended,  most  end  up  with  price  differential

settlements only, and this he argues is not allowed in Islam.  Yet Fahim Khan (1995)8

notes that  even in the modern forms of futures trading,  some of the underlying basic

concepts as well as the conditions for such trading are exactly the same as were laid down

by the Prophet for forward trading. For example the prophet has been reported to say that

he  who makes  a  salaf  (forward trade)  should  do that  for  a  specific  quantity,  specific

weight and for a specific period of time. This according to Fahim Khan is something that

modern contemporary futures market trading pays particular attention to. 

The Shariah Advisory Council of the Securities Commission of Malaysia has endorsed

that futures trading of commodities is approved as long as the underlying asset is halal.

Thus CPO futures are approved for trading. For the stock Index Futures, while the concept

is approved, since KLCI has non halal stock, it is therefore not considered as a shariah-

compliant instrument. This is supported by the view from Ustaz Ahmad Allam from the

Islamic  Fiqh  Academy  of  Jeddah  who  certifies  that  the  stock  index  futures  is  not

compliant since some of the underlying stocks are not halal stocks.  

5.0 Islamic Alternatives to short selling

The issues discussed so far very much centre around the conventional method of the use

of short sale used in hedging as well as in hedge funds. A short sale is generally a sale of a

security by an investor who does not actually own the stock. In order to deliver the stock

the seller will borrow the security. The short seller will later buy the security on the open

market (at a cheaper price if he is to realize expected /speculated profits) and return to

lender. A short sale therefore involves loans which typically includes element of interest

and if the stock the short seller borrows is a stock that pays dividends, then the short seller

7 See Obiyathullah Bacha 1999
8 See Obiyathullah Bacha 1999
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also has to pay dividends to the person or firm making the loan. In general short selling is

utilized to profit  from an expected downward price movement,  to provide liquidity in

response to buyer demand or to hedge the risk of a long position in the same or related

security.

Some shariah concepts or contracts  that can be used as alternatives to conventional short

selling includes:

1. Khiyaral-shart or stipulated option

This stipulated options are legitimized in several hadiths (sayings of the prophet)

and involves an unconstrained right to rescind an otherwise binding contract for a

fixed duration. 

2. Ba’i Al Arbun or Down payment

In this  case a buyer concludes a purchase and makes an advance of a sum of

payment less than the purchase price. If he decides not to take the good and pays

the rest of payment then the seller keeps the advance. Of all the Islamic contracts

this offers the closest anlogy to the option contract.  

3. Ba’i Al salam or Full Payment for Deferred Delivery

This is the sale of goods for delivery at  a later date but full  payment is made

immediately. The goods are usually agricultural  goods but the principle can be

extended to other assets. 

6.0 Salam Sale- An alternative to Short Selling

The  shariah  has  not  prohibited  all  forward  transactions.  It  has  allowed  the  forward

purchase and sale of agricultural commodities (salam)  or manufactured goods (istisna).
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Forward transactions in real goods and services with the intention of taking and giving

delivery perform an important economic function. They make an allowance for the time

period it takes to produce goods and thus provide producers and users with the assurance

that they can sell the goods produced and for buyers to get the assurance of the supply of

the goods. (Iqbal and Llewellyn 2002).   In a salam sale a seller sells a commodity to a

buyer against immediate full payment for delivery of commodity at a future date. Shariah

scholars  now agree  that  the  salam sale  contract  can  now be  extended  to  be  used  to

structure an Islamic derivative instrument as alternative to short selling. The existence of

the goods at  the contract  time is  not  required and this  represents  an exception to the

general rule. An investor in stocks can hedge part of his exposure to cover downside risk

by selling stock as Salam.

E.g. We own 1000 shares of XYZ, current price $10/share

– Contract  to  sell  at  $9.90/share  for  delivery  in  six  months.  We  receive

$9,900 today. (Placed in a Murabaha a/c)

After  six months:

If the Share price goes down to $9.50/share -  Profit $400 

If the share price increases to  $10.30/share - Loss $400

In the case of conventional short selling there are two distinct transactions: “borrowing” of

stock at interest and selling the stock. In Salam, there is a  sale but no borrowing of the

stock. In a salam sale, the sale price may incorporate the time value of money (financing

cost) but early delivery of good will not reduce the price as the full price is paid upfront.

For short selling, dividend even during the borrowing period, belongs to the lender.  In

Salam, it needs to be estimated and factored into the price. Since there is full payment, a

salam sale is clearly advantageous to the seller, hence the price is normally lower then the

prevailing  spot  price,  this  is  in  contrast  with  futures  contract  where  futures  prices  is

normally  higher  than  spot  by  the  amount  of  carrying  cost.  The  lower  price  is  a

compensation given by the seller to the buyer for the privilege given to him in terms of

getting the full payment even before delivery of the security. 
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Even though  a short sale and salam sale are similar in many ways,  they differ in terms of

philosophy. A salam sale contract is slanted towards hedging or reduction of risk exposure

to volatility or drop in equity market whereas a   short sale is usually used as an aggressive

implementation  of  a  bear  view on  a  stock.  At  the  operational  level,  both  sellers  are

exposed to the unlimited upside in price of the underlying and both are similar in terms of

default risk (in salam, buyer bears risk for sellers’ non delivery and in short sale, lender

bears risk for borrower’s default) and hence, the need for collateral. A salam sale has an

added advantage because compared to a short sale that involves two different transactions,

a salam sale is a “pure” contract between two parties with a pre-agreed delivery sale.

However, a salam sale may be more expensive as it involves structuring and brokerage

costs, net financing costs and estimated dividend. As costs are paid upfront, early delivery

is not advantageous. 

Overall,  one key feature of the salam sale is that because the shariah prohibits the  sale of

debt and due to the requirement of tying one derivative instrument to one real asset, this

prevents the creation of the many layers of leverage common in the conventional short

selling  practices  of  hedge  funds  and  the  derivatives  market.  Since  Islamic  products

generally are closely tied to real economic activities, investors are less exposed to the

dangers and instabilities  caused by excessive speculation and the many layers of leverage

activities. This feature of the Islamic derivative instrument would be a key factor  for

value add in the financial risk management. 

7.0 Conclusion

The  paper  has  outlined  the  debate  among  shariah  scholars  surrounding  the  use  of

derivatives in hedge funds and as a risk management tool. There is clear consensus on the

need for hedging to protect investment but there is considerable debate regarding the kind

of instruments that can be used for hedging which  meet the requirements of shariah.

Generally scholars seem to agree that the practice of short selling in the derivatives market

using forwards, futures and options contracts either for hedging or for speculative gains in

hedge funds are not permissible because of the many shariah issues surrounding them.
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Even if the gharar and maysir arguments can be rejected, there is still the issue of riba

involved when loans are made to facilitate short selling of securities that is not  owned by

the short seller. 

With this conclusion Islamic financiers have to resort  to structuring their own shariah

compliant hedging instruments as risk management tools as well as those products that

can mimic conventional short sale so that huge petrodollar funds from the Gulf and the

rest of global funds seeking for Islamic investments  can be put to work and compete with

the other hedge funds. But innovative products can only be   structured if the industry can

cope with the many shariah issues facing it. Some conservative scholars prefer to play safe

and avoid innovations and this tends to hold back the industry. Certainly shariah principles

need not be compromised, but scholars need to consider Islamic law in the light of modern

day  requirements  and  that  there  is  considerable  potential  welfare  loss  due  to

incompetencies and slow shariah responses to today’s financial demands and problems.  

This  paper  has  also  discussed  one  of  the  alternatives  to  short  sale  ie  the  Bai  salam

contract. As in all Islamic products, instruments involving salam contracts should embody

all the principles and requirements both in form and spirit of the shariah. Thus, shariah

screening,  rather  than  being  viewed  as  extra  risk,  is  to  act  as  impediments  to  bad

investment  decisions  and  hence  provide  investors  with  a  more  superior  set  of  risk

management tools. 
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1. Introduction 

The world banking sector has encountered serious downturns in the past few decades 

with the most recent example driven by the U.S. sub-prime mortgage crisis, first 

recognized in the financial press in 2007. Bank risk is a vital issue to regulators and 

investors and the systemic problems that followed the sub prime crisis provide further 

impetus to better understand the determinants of bank risk. While diversified investors 

tend to focus on systematic risk undiversified shareholders are more concerned with total 

risk including idiosyncratic risk, similar to borrowers and customers (Baele, De Jonghe 

and Vennet 2007). Regulators (including implicit and explicit safety net providers) are 

more interested in total risk, particularly given their responsibility for the stability of the 

financial system. Interest rates have also become more volatile in recent decades and this 

additional funding risk (Flannery and James 1984) is certainly worthy of further analysis.  

This study provides insight into the impact of market discipline, off-balance sheet 

activities, charter value and bank capital on bank equity risk (total risk, systematic risk, 

idiosyncratic risk and interest rate risk) and credit risk.  Analysis of bank risk is 

particularly important given the current level of European banking industry concentration 

and the decline in the number of banks since 1985 (ECB 2005)1. It has been argued that 

formation of the EMU was the most important systemic change in world financial market 

in recent times2 and with this change came increased competition across the European 

banking sector.  These changes compelled the banks to reassess their strategic orientation, 

                                                 
1 Indeed, the largest acquisition in the history of the European banking industry took place on 17 October 2007 with the 
Royal Bank of Scotland, through RBS Holdings, and its acquisition of ABN AMRO Holding NV. 
2 The establishment of EMU and the commencement of a single currency the Euro, was meant to ease trade, eliminate 
exchange rate risk, remove transaction costs incurred in exchanging currencies, enhance globalization through 
increased integration and competition along with maintenance and preservation of fiscal policy among the European 
markets. This modification has had a significant impact on the European financial system (banking industry and 
financial market) in terms of competition and consolidation (Francis and Hunter 2004). 
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leading to greater internationalization, greater geographical diversification and further 

bank consolidation, particularly in the euro-area banking industry (ECB 2005). However, 

the deregulatory forces that increase bank competition may also reduce bank incentives to 

act prudently with respect to risk taking (Keeley 1990) and the following analysis 

provides further insight into the impact of this tradeoff following formation of the EMU.   

Innovations in the European banking industry such as growth in securitization, 

expansion in the derivatives area and changes in technology affect bank risk. However, 

while market making in derivatives is mainly limited to large banking organizations, 

small to medium banks have increased their reliance on fee income. By 2007, the average 

exposure to off-balance sheet financial vehicles across the euro-zone was around 6% of 

total loans and it has been reported that the 21 largest euro-zone banks had off-balance 

sheet exposures in the region of USD 359 billion, or 3% of GDP (ECB 2007). Indeed, the 

ECB states that risks to euro-zone financial system stability had increased by the end of 

December 2007 and that the growth in these activities was of concern. Consistent with 

these concerns, regulators have proposed including off-balance sheet activities as part of 

the banks’ minimum capital requirements. A further motivation for this paper concerns 

the move to change capital adequacy requirements, particularly the new directive or new 

capital adequacy requirement3. The new directive supports a risk-sensitive supervisory 

framework with greater reliance on market discipline to encourage effective capital 

allocation and increase competition in the European banking industry.  

                                                 
3 In parallel with the revision of the capital adequacy requirements regulatory bodies are considering revision of the 
directive on the deposit guarantee scheme. More importantly, the Lamfalussy process for the banking sector is still 
under review. This process includes regulation that can adapt to new market developments and practices and support 
integration, enhance competitiveness and strengthen cross-border cooperation among supervisory authorities 
(Thomopoulos 2006). 
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This study contributes to the literature in several ways. First, the study spans the 

period from 1996-2005, a decade of important regulatory change, particularly with the 

formation of the EMU in 1999, and it provides analysis of the factors that explain bank 

risk during this period. Second, to the authors’ knowledge, this is the first study to 

analyze the impact of the formation of EMU on factors affecting bank equity risk, 

including bank equity interest rate risk and credit risk. Third, this study contributes to the 

market discipline literature with a particular focus on bank equity risks and credit risk. 

Fourth, in line with the theoretical literature, Calem and Rob (1999), we test for a non-

linear relationship between bank risks and bank capital.  

We examine the determinants of bank risk measures for 84 financial institutions 

across 15 European countries over the years 1996 to 2005. We choose our sample of 

banks to minimize the possibility of double counting.4  Further, given the likelihood of 

endogeneity effects in our bank risk determination model, we use lagged values as 

instruments, particularly for bank charter value and bank capital.  We find that the level 

of off-balance sheet activities is positively associated with each of the five risk measures 

used in the study. Essentially, banks with greater levels of off-balance sheet activities 

exhibit greater risk. The results for market discipline, proxied by uninsured deposits, are 

mixed. While there is a negative relationship with systematic risk, a positive relationship 

is observed with credit risk and idiosyncratic risk. There are also mixed results for charter 

value, which is positively related with bank equity risk yet negatively related with credit 

risk. We generally find evidence of a non-linear relation between bank capital and bank 

                                                 
4 Consolidated statements from the Bankscope database are checked and each bank’s list of subsidiaries (reported in 
consolidated statements) is used to identify those banks that are reported separately as well as being included in another 
banks consolidated statement.  Banks that are reported separately as well as being included in the consolidated accounts 
of another bank as a subsidiary are excluded from the final sample used in analysis.   
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risk.  We also note variation in bank risk between banks in common law and civil law 

based countries and between banks in euro-zone and non-euro-zone countries.  Finally, in 

the period following the creation of the EMU, while the basic relationships still hold we 

observe a decrease in the sensitivity of bank risk to charter value and an increase in bank 

risk sensitivity to both bank capital and off-balance sheet activities. The results are robust 

to various test specifications. 

The paper is structured as follows. Section 2 discusses the relevant literature and 

hypotheses that underlie the later analysis. Section 3 presents the data and methodology. 

Section 4 describes the empirical results and this is followed by analysis of the robustness 

of these results in section 5. Finally, section 6 concludes the paper.  

2. Literature review and hypotheses development 

Financial crises like the sub-prime crisis highlight the need to better understand 

the determinants of bank risk, particularly in the European banking industry, which is 

characterized by deposit insurance and the accompanying moral hazard problems 

generated by this Government guarantee. Deposit insurance is designed to protect 

depositors, yet it also diminishes depositor incentives to monitor banks and to demand 

interest payments that reflect bank risk. Further, a flat rate premium is generally applied 

under the European deposit insurance schemes, which can lead to failure of the banks to 

adequately internalize the full cost of this risk and thus encourage sub-optimal risk taking 

behaviour (Chan, Greenbaum and Thakor, 1992, and Merton, 1977). 

The possibility of risk shifting and the costs to society of bank failure are 

generally viewed as adequate justification for regulation of bank capital (Santos 2001) 

though the disciplining effect of charter value provides an alternative to regulation. In the 
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next two sub-sections we discuss the relationship between bank risk and bank charter 

value and between bank risk and bank capital. We then discuss the impact of off-balance 

sheet activities, market discipline, with a focus on the level of uninsured deposits, and the 

impact of bank size in sections 2.3, 2.4 and 2.5 respectively. This is then followed by a 

discussion of control variables included in later analysis. 

2.1 Bank risk and charter value 

Bank charter value is defined as the present value of the future profits that a bank 

earns as a going concern (Demsetz, Saidenberg and Strahan 1996). It has been argued  

that charter value helps to eliminate moral hazard problems in relation to an explicit or 

implicit safety net.  Indeed, Konishi and Yasuda (2004) for Japanese commercial banks5 

and Anderson and Fraser (2000) and Demsetz, Saidenberg and Strahan (1996) for US 

bank holding companies, identify a negative relation between charter value and total risk, 

systematic risk and idiosyncratic risk.  Further support for this negative relation is evident 

in the work of Salas and Saurina (2003) and Gropp and Vesala (2004) who note that the 

increased European bank competition associated with EMU was accompanied by an 

increase in bank risk and a reduction in bank charter value.  Similar results are also 

observed in the US banking industry (Park 1994 and Galloway, Lee and Roden 1997).  

In contrast, other studies observe a positive relationship between charter value and 

bank risk.  Bank charter value is argued to capture bank growth opportunities, as 

increased charter value may originate from more risky though positive NPV activities 

(Saunders and Wilson 2001).  Increased competition could also explain the positive 

association between charter value and bank-specific risk where it diminishes the 

                                                 
5Konishi and Yasuda (2004) find that market risk and interest rate risk is positively associated with Japanese 
commercial bank charter value. 

 6

2175



disciplining effect of charter value (Marcus 1984, Keeley 1990, Matutes and Vives 2000, 

Hellmann, Murdock and Stiglitz 2000 and Staikouras and Fillipaki, 2006).  This 

discussion leads to our first hypothesis.  

Hypothesis H1: There is a negative relationship between bank charter value and bank 

equity risks and credit risk for both euro-zone and non-euro-zone European banks. 

2.2 Bank risk and bank capital 

It is generally accepted that banks prefer to invest in higher risk portfolios where 

deposit insurance is in place and so the regulators require banks to maintain a capital 

buffer to ensure the banks can absorb losses in the event of bank failure.  Indeed, Kim 

and Santomero (1988) argue that the development of risk-based capital regulation 

provides an upper bound on the probability of insolvency and there is some support in the 

literature for this argument (Furlong and Keeley, 1989, Keeley and Furlong, 1990 and 

Rime, 2001, Boyd and De Nicoló, 2005).  However, higher capital levels may induce 

banks to increase asset risk and the probability of default thereby defeating the original 

purpose of capital controls (Kahane 1977, Koehn and Santomero 1980, Gennotte and 

Pyle 1991, Berger, Herring and Szegö1995 and Blum 1999).   

Calem and Rob (1999) propose a U shaped relationship between bank capital and 

bank risk.  When an undercapitalized bank increases bank capital, risk levels tend to fall 

initially due to increased risk buffer effects and the effect of deposit insurance.  But at 

higher levels of capital the institution may choose to take on greater levels of risk to 

maintain performance, particularly where the probability of bank default is thought to be 

remote.  While there is little evidence of a relation between bank capital and bank risk 

(total risk, idiosyncratic risk, systematic risk and interest rate risk) in early empirical 
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work (Saunders, Strock and Travlos, 1990) more recent empirical research identifies a 

positive relation between interest rate risk and bank capital while credit risk is negatively 

related to bank capital (Galloway, Lee and Roden, 1997, Konishi and Yasuda, 2004, 

Kwan and Eisenbeis, 1997).   

Thus, while capital regulation is designed to reduce bank risk it is also feasible 

that bank risk may initially reduce with increases in bank capital, but as the capital buffer 

is further increased banks eventually increase their risk levels (Calem and Rob, 1999),. 

Thus, we formulate our second hypothesis. 

Hypothesis H2: There is a non-linear relationship between bank capital and bank equity 

risks for both euro-zone and non-euro-zone European banks. 

2.3 Bank risk and off-balance sheet items 

Although financial institutions are involved in providing traditional banking 

services and interest generating activities, the European banks have moved towards off-

balance sheet activities. 6  This has allowed them to expand their revenue sources without 

altering their capital structure (Yildirim and Philippatos 2003).7  But, off-balance sheet 

activities are expected to have an impact on risk (Angbazo, 1997, Boot, 2003, Boot and 

Thakor, 1991, Brewer, Koppenhaver and Wilson, 1986, Esty, 1998, Hassan, Karels and 

Peterson, 1994 and Lynge and Lee 1987).  The recent increase in the amount of off-

balance sheet activities and the escalation in bank failures have raised concerns about the 

link that exists between bank risk and off-balance sheet items.  Certainly, it has been 

                                                 
6 Examples include loan commitments, contingent liabilities, standby letters of credit, commercial paper, 
options and net securities lent.  
7 Banks with higher levels of off balance sheet items are found to be more cost and profit efficient (Yildirim and 
Philippatos 2003). It has been argued that off-balance sheet exposures promote a more diversified, margin generating 
asset-base compared to deposits or equity financing (Angbazo 1997). 
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argued that off-balance sheet activities increase moral hazard problems (Wagster, 1996 

and Angbazo, 1997) giving rise to our next testable hypothesis: 

Hypothesis H3: There is a positive relationship between off-balance sheet activities and 

equity risks and credit risk for both euro-zone and non-euro-zone European banks.   

2.4 Relationship between bank risk and uninsured deposits 

Uninsured deposits account for the largest share of overall inter-bank activity in 

the euro-zone, namely over 70% (ESCB 2005). In our analysis we approximate uninsured 

deposits using the sum of inter-bank deposits and subordinated debt, which are two 

important market disciplinary devices.  Inter-bank deposits are the deposits received from 

other banks that are not covered by explicit or implicit insurance schemes. The market 

disciplinary impact of inter-bank rates is reflected in the default risk premium component 

of the rate (Ellis and Flannery 1992); particularly evident with the dramatic shifts in inter-

bank rates over the sub-prime crisis period.  Given the existence of the default premium 

in inter-bank interest rates it is likely that less risky banks will be able to make greater 

use of interbank deposits.   

The market disciplinary role of subordinated debt8 is also identified in the 

literature (Evanoff and Wall, 2001, Estrella, 2000, Flannery and Sorescu, 1996 and 

Morgan and Stiroh 2000) though it is suggested that there are limits to this effect (Calem 

and Rob, 1999).  Regrdless, subordinated debt investors are sensitive to bank risk and this 

provides further evidence of the market disciplinary effect provided by this security, 

                                                 
8 The European bank subordinated debt market is concentrated. The largest European banks issue subordinated debt on 
average twice a year and the average ratio of outstanding subordinated debt to total assets is approximately 2%. This 
debt is traded in an illiquid secondary market, with few infrequent large transactions (Sironi 2003). However, some 
effort has been put into the implementation of market discipline mechanisms which help to prevent banks from 
undertaking excessive risk. For example, in the early 1980s a mandatory subordinated debt policy (MSDP) was drafted 
by academics and regulators and forms part of the 2000 Basel Capital Accord II revised proposal. The importance of 
market discipline is clear in both the documents. 
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particularly for European banks (Sironi, 2003, Gropp and Vesala, 2004 and Nier and 

Baumann, 2006).  Thus, banks with high levels of subordinated debt are expected to 

exhibit lower levels of equity and interest rate risk.  

The proposed link between bank risk and uninsured deposits (both inter-bank 

deposits and subordinated debt) leads to the fourth testable hypothesis: 

Hypothesis H4: There is a negative relationship between bank uninsured deposits and 

bank equity risks and credit risk for both euro-zone and non-euro-zone European banks. 

2.5 Relationship between bank risk and size  

The European banking industry faced profound changes with the merger waves 

that followed EMU.9 The most obvious outcome of the merger and acquisitions that 

occurred in the period is a sharp increase in the average size of the banking organizations 

in the sample. This leads to an empirical question of whether large banks are more risky 

than small banks.  

While consolidation encourages diversification it may also result in  greater 

leverage, leading banks to pursue riskier and potentially more profitable lending in order 

to meet the increased interest commitments associated with the increased leverage 

(Demsetz and Strahan 1997). Further, large banks tend to be more internally diversified.  

This provides one means of reducing bank idiosyncratic risk for the banks (Stiroh 2006 

and Konishi and Yasuda 2004) though it may also encourage banks to shift toward more 

risky non-interest generating activities (Saunders, Travlos and Strock 1990, Boyd and 

Runkle 1993, Demsetz, Saidenberg and Strahan 1996 and Demsetz and Strahan 1997).  

Arguments to support the prediction of a negative relation between bank size and total 

                                                 
9 Staikouras and Fillipaki (2006) report that there was a major reduction in the number of credit institutions in France, 
Finland, and Ireland and while they noted an increase in the number of financial institutions in Greece there was little 
change in the German banking sector.  
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risk is also evident in the literature (Stiroh, 2006).   Finally, larger banks may be more 

sensitive to general market movements, resulting in a positive relationship between size 

and bank systematic risk (Saunders, Travlos and Strock 1990 and Anderson and Fraser 

2000). Based on the above arguments we formulate our fifth testable hypothesis: 

Hypothesis H5A: There is a positive relationship between bank size and bank systematic 

risk for both euro-zone and non-euro-zone European banks. 

Hypothesis H5B: There is a negative relationship between the bank size and bank credit 

risk, interest rate risk, idiosyncratic risk and total risk for both euro-zone and non-euro-

zone European banks. 

 

2.6 Other variables 

Other variables used in the following analysis include the ratio of loans to total 

assets, dividend yield and operating leverage. We expect the ratio of loans to total assets 

to be positively related with bank risk measures as the sample is dominated by 

commercial banks and these banks tend to be more aggressive in credit markets (Marco 

and Fernandez 2005). We include dividend yield in our model for two reasons. First, 

dividend payments provide a signal concerning bank expectations about future income 

and second, risky high growth banks tend to retain a proportion of their net income which 

implies that more risky banks will pay less dividends (Lee and Brewer 1987), giving a 

negative relation between dividend yield and bank risk measures. Finally, Mandelker and 

Rhee (1984) and Saunders Strock and Travlos (1990) consider operating leverage in a 

similar way to financial leverage such that operating leverage is predicted to be positively 

related to our bank risk measures.  
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2.7 Macroeconomic variables 

There is no theoretical support for a particular relationship between regulatory 

restrictions and bank risk taking reported in the literature. In our study we use the 

Economic Freedom Index (EFI) to capture the level of regulatory restrictions in the 

market, with higher EFI scores reflecting a less restrictive regulatory environment. 

Higher levels of the EFI may either result in greater stability in the banking system 

through increased market discipline effects, though excessive risk taking is also a 

possibility in the absence of effective regulation (Gonźalez 2005). We develop our 

hypothesis on the assumption that increasing EFI scores reflect removal of excessive 

regulation and more appropriate reliance on market discipline.  In this situation there will 

be a negative relationship between bank risks and EFI.  

Bank risk may be affected by bank specialization. The bank specialization dummy 

indicates whether the institution is a classified as commercial bank or some other form of 

banking institution. Commercial banks are the largest group of depository institutions 

measured by asset size in Denmark, France, Greece and Spain where as in Italy savings 

banks prevail. The German banking industry is dominated by Sparkassen-Finanzgruppe 

which includes savings and Landesbanken. We expect that commercial banks will exhibit 

higher bank equity risk, interest rate risk and credit risk.  

Also, in our model, we include a legal origin variable. Civil-law countries 

generally provide weak investor protection relative to common law countries (LaPorta, 

Lopez-de-Silanes, and Shleifer 1998). There is also some variation in the quality of law 

enforcement which tends to be highest in Scandinavian and German civil law countries 
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and lowest in French civil-law countries while common law countries fall somewhat 

between the two groups (LaPorta, Lopez-de-Silanes, and Shleifer 1998 and González 

2005). We predict that civil-law country banks will tend have relatively lower bank risk 

than the common-law country banks due to the impact of tighter bank regulation in these 

countries.   

In countries where shareholder control is greater than managerial control we 

expect bank risk, specifically bank total risk and idiosyncratic risk, to be high. This is 

consistent with the notion that banks maximize shareholder value and that shareholders 

can diversify away the impact of idiosyncratic risk. Creditor rights are captured using a 

specific index while an anti-director rights index is used to capture the level of protection 

provided to minority shareholders relative to managers and dominant shareholders. We 

posit that bank systematic risk is negatively related to anti-director rights and positively 

related to bank total risk and idiosyncratic risk. However, we also expect creditor rights 

to be negatively related to bank equity risk, interest rate risk and credit risk. 

3. Data and methodology 

3.1 Data  

This study uses cross-country bank-level data, over the period from 1996 to 2005, 

in analysis of bank equity risks and bank credit risk. We consider a range of financial 

institutions including bank holding companies, commercial banks, cooperatives and 

savings banks across 15 European countries (Belgium, Denmark, Finland, France, 

Germany, Greece, Ireland, Italy, Netherlands, Norway, Spain, Sweden, Switzerland and 

the United Kingdom).10  

                                                 
10 While European commercial banks are a critical part of the European economy it is important to note that 
we specifically include publicly listed cooperatives and savings banks that offer similar commercial 
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One contribution of this study is the careful selection of the banks from the 15 

European countries.  The annual reports of each of the banks is checked to ensure that  

subsidiaries are not double counted.  For example, subsidiaries are excluded from the 

sample where they are reported separately in the data base as well as being included in 

the consolidated statements of another financial institution.  We extract bank level 

information, including the balance sheet and income statement from the Bankscope11 and 

the Osiris databases. We base our initial bank list on Bankscope which provides data on 

228 listed banks. From this sample we first eliminate ninety seven (97) banks due to 

inadequate market data or bank level accounting information. We then exclude financial 

institutions that are legally controlled by other institutions (subsidiaries) with a loss of a 

further 47 banks. This leaves 84 listed banks12 observed over a 10 year sample period 

from 1996 to 2005, giving 840 bank/year observations in our final sample. The time 

period is chosen to include the formation of EMU in 1999 and so we divide the sample 

period into pre-euro period (1996-1998) and post-euro period (1999- 2005) in order to 

study the impact of changes in regulation on bank risks arising from the EMU. The 

number of banks from each country is reported in table 1.  

[INSERT TABLE 1 ABOUT HERE] 

We use weekly individual bank equity returns, MSCI market index values,13 

market value of equity observations and 10 year government bond yields, all extracted 

                                                                                                                                                 
banking services.  These institutions are important in countries like Italy, Norway, Spain, Sweden, and 
Switzerland. 
11The comprehensive data provided by Bankscope is consistent with the European Central Bank (ECB) declaration of 
the number of banks and is often used by the ECB in its cross- country analysis. 
12 Our sample is not survivorship bias free, since dead or de-listed bank shares are not available on either 
the Bankscope or the Osiris databases.   
13 In some cases we use the MSCI price indices where MSCI total return indices are unavailable. We find the 
correlation between MSCI price index and MSCI return index ranges from 96% to 98.99% and so this should result in 
little bias in our risk estimates. 
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from the Datastream International database. For comparability we convert the market 

value of equity into euro currency for non-euro-zone countries such as Denmark, 

Norway, Sweden, Switzerland and the United Kingdom. The independent variables 

include bank discipline variables such as bank charter value and bank capital as well as 

market discipline variables such as uninsured deposits.  Further definition of these 

variables is provided in the Appendix.  

3.2 Variable measurement  

The bank risk variables, broadly referred to as  in the following sections, 

cover both bank equity risk and credit risk. The bank equity risk measures include 

systematic risk, idiosyncratic risk, interest rate risk and total risk. A two factor model 

(Kane and Unal 1988, Flannery and James 1984 and Lynge and Zumwalt 1980), 

presented in equation (1), is used in estimating systematic risk, interest rate risk and 

idiosyncratic risk for each individual bank.  The risk estimates are calculated each year 

for each bank using the weekly return observations available during the year of interest.  

This provides a set of risk estimates for each bank for each year over the study period.   

tjiRISK ,,

itItIMtmiit RRR εββα +++=        (1) 

where  = weekly stock return of bank  at date t ;  itR i

MtR  = weekly return on the market. Based on the geographical exposure we use 
either the MSCI country index or the MSCI world index or the MSCI Europe 
index; 

ItR  = weekly change in the long term interest rate for each country at date t  and;   

itε  = residual term.   
 

The equity market beta, mβ , is used as a proxy for systematic risk and the interest 

rate beta, Iβ , captures equity interest rate risk. The equity market beta is estimated using 
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either the MSCI country index, the MSCI world index or the MSCI Europe index based 

on perceived business exposure of the bank.  Where the bank business is focused in one 

country, as occurs with the Danish banks, we use the country equity market index for 

beta calculation,  Where the bank business is focused in the European region we use the 

Europe index and where a bank has a more international focus we use the world index in 

estimating its systematic risk.14  We follow the work of Kane and Unal (1988) and choose 

the long term interest rate in our model because long term interest rates are considered to 

better explain bank returns15. The natural log of the residual variance from the two factor 

market model is used as an estimate of idiosyncratic risk for each of the banks and the 

natural log of the variance of bank equity returns is used as a proxy for total risk. The 

variance of bank equity returns is also calculated each year for each bank using weekly 

return data available in that year and is defined as follows: 

2
1

2 )(/1 RRN t
N
tri −∑= =σ         (2) 

where  = the total risk or variance of bank returns for bank ; 2
riσ i

Ri = bank i return per week;   
R  = the average bank i return and; 
N = the number of observations.  

 

Bank credit risk is defined as: 

tjitjitji TALLPCR ,,,,,, /=           (3) 

where  = the credit risk measure for bank  in country in period t ;   
tjiCR ,,

i j

tjiLLP ,,  = the loan loss provision for bank  in country in period t  and bank i;  i j

                                                 
14 Systematic risk was also estimated using the local country index for each of the banks in the sample with 
little change in the results.   
15 However, there are debates on whether to use a two factor market model or to use a one factor market 
model. Due to multicollinearity between interest rates and market factors some authors orthogonolize 
changes in the interest rate factor (Flannery and James 1984 and Chance and Lane 1980). Giliberto (1985) 
argues that this approach can bias the t-statistics against one or other of the two factors. As a result, we 
follow Kane and Unal (1988) Maher (1997) and do not attempt to orthogonalize the interest rate factor.  
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tjiTA ,,  = the total assets of bank i  in country in period .  j t
Endogeneity is likely to affect the following analysis, particularly with respect to 

bank capital and charter value. As a result, lagged bank charter value and the lagged bank 

capital are included as instruments for these variables (Saunders and Wilson 2001, 

Galloway, Lee and Roden 1997 and Gonzalez 2004).  

Charter value is the sum of the market value of equity and book value of liabilities 

divided by the book value of total assets following Keeley (1990).  Bank capital is 

proxied by the ratio of total capital to total assets. Given the possibility of a non-linear 

relationship between bank capital and bank risk, a squared bank capital term is also 

included in analysis. The key measures of market discipline are uninsured deposits and 

off-balance sheet activities. Uninsured deposits is the sum of the subordinated debt and 

inter-bank deposits divided by total liabilities. Off-balance sheet activities are proxied by 

the ratio of the total value of off-balance sheet activities to total liabilities. Bank asset 

management is estimated using the ratio of loans to total assets. The log of bank market 

capitalization is used to capture the impact of bank size.  

The Economic Freedom Index (EFI) is used as a control variable and it captures a 

range of factors that might affect the efficiency of the banking sector.  Operating 

leverage, defined in terms of the ratio of fixed assets (assumed to mimic fixed costs) to 

total assets (Saunders, Strock and Travlos 1990, Galloway, Lee and Roden 1997), 

dividend yield, bank specialization dummy variable (one of two values, 1 = commercial 

banks, 0 = other sample institutions), a legal origin variable (with a one of four values, 1 

= English common-law countries, 2 = French civil law countries, 3 = German civil-law 
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countries and 4 = Scandinavian civil law countries)16, geographical dummy variable (one 

of two values, 1 = euro-zone countries, 0 = non-euro-zone European countries), creditor 

or shareholder rights index (La Porta, Lopez de Silanes, Shleifer and Vishny 1998) and 

anti-director rights index (La Porta, Lopez de Silanes, Shleifer and Vishny 1998) are also 

included in the analysis.  Further definitions of these variables are provided in the 

Appendix.  

3.3 Empirical models 

Bank equity risks and bank credit risk are regressed on bank-specific and country-

specific variables using both pooled OLS and panel techniques in our analysis of the 

determinants of European bank risk (as mentioned in section 3.1).  The base model is 

described in equation (4).17  

⎪⎩

⎪
⎨
⎧

++

++++++++
=

∑
−−−−−−

tjititj

tjitjitjitjitjitjitji
ijt YEFI

SizeLTAOBSBCBCCVUD
RISK

,,,,1

1,,7,,61,,5
2

1,,41,,31,,21,.10

εγ

βββββββα  

          (4) 
 
Where  = natural log of uninsured deposits for bank , in country  
lagged one period; 

1.. −tjiUD i j

  = natural log of charter value for bank i , country lagged one period;  
1,, −tjiCV j

1,, −tjiBC  = natural log of bank capital for bank i , in country  lagged one period; j

1,,
2

−tjiBC  = square of the natural log of bank capital for bank i , in country  
lagged one period;  

j

1.. −tjiOBS  = natural log of off-balance sheet activities for bank i , in country  
lagged one period,  

j

tjiLTA ,,
 = loan to total assets for bank i , in country  at period ;  j t

                                                 
16 We use a scaled variable for legal origin in an attempt to capture the variation that is evident across the 
civil law countries.   
17 The appropriateness of the pooled-OLS and fixed effects is estimated using F-tests, while the choice between random 
effects and pooled-OLS is tested on the basis of the Breusche Pagan Langrange multiplier (LM) test. The Hausman test 
is used in comparison of the fixed effects and random effects models. When time invariant dummy variables are 
included in the estimated model, the application of fixed effects is not possible and in such cases the alternative models 
used in estimation are pooled-OLS and random effects with selection of the most appropriate based on the Langrange 
multiplier (LM) test. 
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1,, −tjiSize  = natural log of market value of equity for bank i , in country , lagged 
one period;  

j

tjEFI ,  = economic freedom index for country  at period ;   j t

∑ tiY ,
 = year dummies (1997 to 2005) and;   

tji ,,ε  = random error term.  
 

An extended version of the base model (equation 4) is also used in analysis (see 

equation 5 below). This includes the impact of operating leverage and dividend yield as 

well as various country specific factors that may help to explain cross-sectional variation 

in bank risk. The base model is expanded by introducing operating leverage and dividend 

yield as well as a number of dummy variables.  

⎪
⎪

⎩

⎪
⎪

⎨
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+++

+++++++

+++++++

=
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−−

−−−−
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           (5) 
Where  = operating leverage for bank i , country at period t ;  

tjiOPL ,,
j

tjiDY ,,
 = dividend yield for bank i , country at period t ;  j

jD1  = bank specialization dummy where =1 if commercial banks or 
otherwise 0;   

jD1

jD2  = legal origin variable where =1 if common-law countries, 2 if French 
civil law countries, 3 if German civil-law countries and 4 if Scandinavian civil 
law countries;   

jD2

jD3  = geographical dummy where =1 if euro-zone countries or otherwise 0;   
jD3

jD4  = creditor rights index and;   

jD5  = anti-director rights index.  
 

While it is important to test for the general fit of the model it is also important, 

given the 10 year span of the analysis, to test for the possibility of structural change, 

particularly given that the formation of EMU. For this reason we split the sample in two, 

with 1999 being the year most associated with the formation of EMU chosen as the break 

point. This facilitates tests for structural change between the pre EMU period (1996-
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1998) and the post EMU period (1999-2005). Both pooled-OLS and panel techniques are 

used in testing for structural change using the following model: 

ijtttijttijtijt YXDXRisk εδββα +Σ+∗++= ∆           (6) 

where,  = bank-specific characteristics for bank i  in country  at period t . 
These variables are same as the explanatory variables identified in equation (2). 
To address possible endogeneity problem we use lagged values of market 
discipline, charter value, bank capital and off balance sheet activities as 
instruments in this analysis; 

tjiX ,, j

tD  = time dummy, where = 1 for post-euro period and = 0 for pre-euro 
period;  

tD tD

tjit XD ,,∗  = interaction term between each bank-specific variable  with the 
time dummy and;  

tjiX ,,

tY  is year dummy variable.  
 

3.4 Descriptive statistics  

The descriptive statistics for the sample used in this study are reported in Panels A 

and B of Table 2. The mean, standard deviation, minimum, maximum, skewness and 

kurtosis for each of the bank risk measures (credit risk, systematic risk, total risk, interest 

rate risk and idiosyncratic risk) are reported in Panel A of Table 2. The average credit 

risk value (the ratio of loan loss provisions to total assets) is 1% with a standard deviation 

of 1%. The average equity market beta for the sample is 0.39, with standard deviation of 

0.50 and the average interest rate risk parameter is 0.17, with a standard deviation of 

0.20. The idiosyncratic risk and total risk measures are expressed in terms of natural logs 

though the underlying average standard deviation per annum is around 18% for total risk 

and 16% for idiosyncratic risk.18

                                                 
18 Given a natural log of total risk of -7.35 per week then the variance is 0.000643 per week and the standard deviation 
per annum estimate is sqrt(0.000643)*sqrt(52) or 0.1828 per annum. Given a natural log of idiosyncratic  risk of -7.62 
per week then the variance is 0.000491 per week and the standard deviation per annum estimate is 
sqrt(0.000491)*sqrt(52) or 0.1597 per annum. These estimates appear reasonable, particularly given the use of a two 
factor model and the nature of the underlying distributions.   
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Mean, standard deviation, minimum, maximum, skewness and kurtosis are also 

reported for the explanatory variables in Panel B of Table 2. There is some variation in 

the European bank off-balance sheet activities with average off-balance sheet activities 

amounting to 52% of total assets. Financial leverage, or bank capital, ranges from 2% to 

95% and charter value ranges from 0.87 to 1.79 with an average value of 1.02. Uninsured 

deposits measured as a proportion of total liabilities averages 0.16 with a minimum of 

zero and a maximum of 0.97.  

[INSERT TABLE 2 ABOUT HERE] 

The economic freedom index is obtained for each country for each of the years in 

the study period. The highest economic freedom index value is observed for Ireland and 

the lowest is for Greece. The creditor rights index ranges from 0 to 4, with a maximum 

for the United Kingdom and the minimum for France. The anti-director rights index 

ranges from 0 to 5 with a maximum value of 5 for the United Kingdom and a minimum 

value of 0 for Belgium.  

While not reported separately correlation coefficients are also calculated for the 

independent variables with just two large correlation coefficients evident in this analysis. 

The two correlation coefficients are for bank capital and size (-53%) and squared bank 

capital and size (-66%). Given the magnitude of these coefficients the following analysis 

was repeated both with and without the size variable with little impact on the reported 

results.19  

                                                                                                                                                 
 
19 No change was made to the base model, or the extended model, given that there is little evidence of multicollinearity 
problems in the data. 
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4. Empirical results 

This section discusses the results from analysis of the determinants of bank equity 

risk and credit risk. Section 4.1 presents the results for our base model (equation 4) and 

the extended model (equation 5) using pooled-OLS regression. Section 4.2 reports the 

results from tests for structural change which focus on the formation of EMU and the 

impact of the change on risk factors.  

4.1 Effect of risk factors 

The results for the pooled OLS estimation of the base model (Equations 4) and the 

extended model (Equation 5) are reported in panel A and panel B of Table 3.20 From 

Panel A of Table 3 our findings show that bank charter value is negatively related with 

bank credit risk. This is consistent with the disciplining effect of bank charter value. Yet, 

we find a positive and significant relationship between bank charter value and both 

idiosyncratic risk and total risk.  While this is consistent with Saunders and Wilson 

(2001) it is inconsistent with the findings of Konishi and Yasuda (2004) for Japanese 

commercial banks and Anderson and Fraser (2000), Galloway, Lee and Roden (1997) 

and Demsetz, Saidenberg and Strahan (1996) for US bank holding companies. This result 

is also contrary to hypothesis H1. There is also a positive and significant relationship 

between systematic risk and bank charter value. One possible explanation for the 

variation in coefficient sign is that charter value enhancing expansion took place over the 

study period and this may have resulted in increased European bank systematic and 

idiosyncratic risk (Konishi and Yasuda 2004, Saunders and Wilson 2001, Demsetz and 

Strahan 1996 and Hughes, Lang, Mester and Moon 1996).  

                                                 
20 This pooled-OLS analysis includes year dummies and the joint F-test for the year dummies is statistically significant 
at 5% level or better.  
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The other bank discipline variable, bank capital, although showing a negative 

relationship with all risk measures is statistically significant only for systematic risk. It 

appears that the higher the bank capital buffer the lower the bank risk, consistent with the 

argument that careful management of bank capital can facilitate stability of the banking 

system (Kim and Santomero 1988, Furlong and Keeley 1987, 1989 and Keeley and 

Furlong 1990). The relationship between bank capital and risk appears to be non-linear 

given the statistically significant squared bank capital coefficients, in line with Calem and 

Rob (1999), Blum (1999) and Gennotte and Pyle (1991). This result also supports 

hypotheses H2A and H2B.  

There is evidence of a positive relation between off-balance sheet activity and 

credit risk, systematic risk, total risk and idiosyncratic risk. The results are significant at 

5% level or better for these risk measures. This outcome supports hypothesis H3. The 

result is consistent with the argument that while off-balance sheet activities generate fee 

income for banks they also create balance sheet, or portfolio, risk. This provides some 

justification for the concern expressed by bank regulators about the risks associated with 

off-balance sheet activities. This is particularly pertinent given the Basel Accord I & II 

proposals to treat off-balance sheet activities as risky and include them in the risk-

weighted bank capital ratio calculation.  

[INSERT TABLE 3 ABOUT HERE] 

The market discipline proxy, uninsured deposits, is negatively related with 

systematic risk and positively related with both credit risk and idiosyncratic risk. While 

the results for systematic risk support hypothesis H4, the hypothesis is not supported for 

the other risk measures. The negative systematic risk relationship suggests that taking on 
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further subordinated debt may be a superior strategy with respect to market discipline, 

reducing the impact of explicit or implicit deposit insurance. However, the positive 

relationship with credit risk, total risk and idiosyncratic risk suggest that increasing the 

level of longer maturity liabilities such as subordinated debt could also result in bank 

investments that carry greater levels of idiosyncratic, rather than systematic risk (Jensen 

and Meckling 1977). While idiosyncratic risk and individual bank credit risk might be 

diversified away by the investor, the bank still needs to manage these risks if it is to 

remain solvent. 

The other variable of specific interest is loans to total assets. Our findings for 

credit risk support our hypothesis that loan to total assets is positively associated with 

bank credit risk. However, loans to total assets is negatively related to systematic risk and 

total risk.  This could come about where additional loans taken on by the banks are less 

risky than the existing pool of assets on bank balance sheets, resulting in decreased 

overall equity risk levels.21     

Size is negatively related to credit risk, idiosyncratic and interest rate risk 

consistent with Demsetz, Saidenberg and Strahan (1996) and Demsetz and Strahan 

(1997) but is only statistically significant for the credit risk measure. The relationship 

between systematic risk and size and total risk and size is positive and significant at 1% 

level, consistent with Saunder, Strock and Travlos (1990), Demsetz, Saidenberg and 

Strahan (1996) and Anderson and Fraser (2000). The size effect on bank risk measures 

supports hypotheses H5A and H5B.  

Finally, the economic freedom index is negatively associated with all risk 

measures and is statistically significant at 5% level or better. This outcome supports 
                                                 
21 We leave further analysis of this question to future research. 
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hypothesis H6, implying that greater levels of economic freedom, particularly in terms of 

lower levels of regulation and government intervention, generate lower bank equity risk 

and credit risk.  

The results for the extended model are reported in panel B of Table 3. Here, we 

focus on the results for the additional variables as the coefficients for the base model 

variables are little changed. There is a positive relationship between dividend yield and 

both credit risk and systematic risk. This is unexpected though it may simply reflect the 

link between risk and expected return where dividend yield has some predictive power 

over expected return.22 While statistically insignificant, the relationship with the 

remaining risk measures is negative, which is more in line with expectations (Lee and 

Brewer, 1987).  

We find operating leverage has a negative effect on bank systematic risk and 

interest rate risk. This is an unexpected outcome given the work of Saunders, Travlos and 

Strock (1990) and Galloway, Lee and Roden (1997). Mandelker and Rhee (1984) argue 

that operating leverage acts in a similar manner to financial leverage, in increasing risk. 

This negative relationship between operating leverage and equity risk could be explained 

in terms of financial leverage effects. Increasing income producing assets, all else held 

constant, could reduce financial leverage and thus reduce financial risk. If this occurs 

then there may be a negative relation between operating leverage and equity risk 

measures. We find a positive and significant relationship between credit risk and 

operating leverage consistent with Mandelker and Rhee (1984).  

                                                 
22 Ang and Bekaert (2007) revisit the question of whether dividend yield predicts expected returns. They find the 
predictive power is not as pervasive as initially thought, particularly when compared with the short rate for example. 
Nevertheless, they do find some evidence of dividend yield predictive power over expected returns.  
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Given the negative legal origin ( )2D  coefficients, common-law country banks 

exhibit greater credit risk, systematic risk and total risk than the more heavily regulated 

civil-law country banks. The higher levels of common-law country bank risk may reflect 

the greater level of market discipline operating in civil law countries which acts to 

constrain bank risk levels. The estimated coefficients for the geographical dummy ( )3D  

variable suggests that euro-zone country banks show lower levels of credit risk and 

systematic risk while exhibiting higher levels of total risk, interest rate risk and 

idiosyncratic risk. The results are statistically significant at 5% level or better.    

Enforcement of creditor rights (creditor rights variable) and anti-director rights 

(anti-director rights variable) seem to be important in explaining the variation in bank 

credit risk (positive), total risk (negative) and idiosyncratic risk (negative). The other risk 

measures show a negative association with creditor rights consistent with Nier and 

Baumann (2006). We find a statistically significant positive association between anti-

director rights and bank total risk, interest rate risk and idiosyncratic risk which supports 

our hypothesis (La Porta et al 1998). However, systematic and credit risks are negatively 

associated with anti-director rights. 

4.2 Impact of Economic Monetary Union (EMU) on bank risks 

The impact of EMU on European bank risk is discussed in this section with 

analysis based on equation (6) and results reported in Table 4. Both pooled-OLS and 

panel techniques are applied in this analysis but since the Lagrange-multiplier test 

supports the pooled-OLS approach we do not report the results from the panel 

techniques.23 We employ Wald tests to assess the possibility of structural change with 

                                                 
23 Results are available upon request.  
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EMU.  However, the tests confirm the existence of structural change for all but the total 

risk and the idiosyncratic risk models, suggesting that the formation of EMU had an 

important impact on bank credit risk, interest rate risk and systematic risk for the sample 

of banks used in this study. The magnitude of the charter value coefficients have fallen 

dramatically, even though not always statistically significantly, for all risk measure 

models. This outcome is interpreted in terms of the decline in the importance of charter 

value with the formation of EMU and increasing levels of competition. The most 

statistically significant decline is observed for charter value relative to systematic risk 

with a change in the coefficient of -1.431. 

[INSERT TABLE 4 ABOUT HERE] 

It is also apparent that the non-linear relationship between bank capital and 

systematic risk may be driven by the post-EMU period as none of the coefficients for 

bank capital and only two of the coefficients for squared bank capital are statistically 

significant in the pre-EMU period. Further, the positive relationship between credit risk 

and off-balance sheet activities may be driven by the pre-EMU period. For the remainder 

of the risk measures we generally find a statistically insignificant increase in the effect of 

off-balance sheet activities on risk with the formation of EMU. The size variable has 

increased in importance following 1999 for all risk measures while being statistically 

significant for credit risk, total risk and idiosyncratic risk. The loan-to-total asset ratio 

coefficient also generally increases after 1999 with respect to bank equity risk though the 

change in the coefficient is not statistically significant. Finally, the economic freedom 

index coefficient shows a statistically significant decline with respect to credit risk and 
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interest rate risk after 1999. We also find the year dummies to be jointly significant for all 

risk measures except for systematic risk.   

In summary, the formation of the EMU has had an impact on the sensitivity of 

bank risk to some of the key variables included in our model. While some of the variation 

is due to changes in sensitivity to bank capital the remaining variation is associated more 

with changes in the magnitude of coefficients rather than their sign (See Section 4.1). 

5. Robustness analysis 

We conduct a number of robustness tests. First, we carry out year-by-year cross-

sectional analysis, using both the base and the extended models (equations 4 and 5), to 

ensure that our results are not driven by spurious time series correlation between the 

various measures of bank risk and the explanatory variables. Second, we re-run the 

models excluding the 36 Danish banks from our original sample, as this group of banks 

accounts for a substantial proportion of the bank sample. Our findings are little changed 

with this additional analysis.  Similarly, we re-run the base model and extended model 

after eliminating the three (3) German banks from our sample because of the unique 

characteristics of the German banking system. However, our results remain little 

changed. 24

In order to allow for the possibility of unobservable heterogeneity in the data we 

use panel data analysis methods, random effects and fixed effects, in estimation of base 

model and extended model (equations (4) and (5)). In general, while there fewer 

statistically significant coefficients, the coefficient signs are generally consistent with 

those reported in Section 4.1.  We also construct an unbalanced panel of the 118 banks 

                                                 
24 The results are available upon request.  
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available for analysis including banks with incomplete data, giving a total of 1088 

observations.  There is little change from the results reported in Section 4.1.   Given the 

unusual nature of the German banking industry (Haq and Heaney 2008), we construct 

another unbalanced panel excluding German banks from our sample with little change in 

the results. 25

The pooled-OLS analysis that was used in Section 4.1 is repeated using 

proportional risk measures, where systematic risk, idiosyncratic risk and interest rate risk 

are measured as a proportion of total equity market risk26 rather than actual risk 

estimates.27 Again, the original results are robust to this alternative risk measure with two 

exceptions.  The first is a negative relationship between charter value and idiosyncratic 

risk and the second is a negative relationship between off-balance sheet activities and 

idiosyncratic risk. Both results are statistically significant at 1% significance level and 

both are inconsistent with the results discussed above in section 4.1.28 We leave further 

discussion of these exceptions to future research.  Finally, we re-run the analysis with the 

inclusion of various interaction terms to test for the possibility of more complex 

relationships explaining the various measures of bank risk. There is little of statistical 

interest gained from this additional analysis except for a positive and significant 

interaction between bank size and bank charter value.  It seems that for a given level of 

                                                 
25 The results are available upon request.  
26 itItIMtmiit RRR εββα +++=  ;  

222222 )cov(2 εσββσβσβσ +++= ImImIImmri RR  
222 / rimm σσβ=risk total  /risk systematic ; , 
 

222 / riII σσβ=risk total  /risk rateInterest 
22 / riσσε=risk total  /risk icIdisyncrat

27 We thank Professor Mark J. Flannery for this suggestion.   
28 For the sake of brevity the results are not reported but are available upon request.  
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bank charter value, larger banks are more sensitive to credit risk, systematic risk, total 

risk and idiosyncratic risk than smaller banks.29   

6. Conclusion 

In this study we analyze the determinants of bank equity risk and credit risk 

measures. Our sample consists of 84 listed financial institutions across 15 European 

countries from the period 1996-2005. We regress five risk measures, total risk, systematic 

risk, interest rate risk, idiosyncratic risk and credit risk, on a number of bank- specific and 

country-specific variables. We initially apply pooled-OLS though the results of panel 

analysis are generally consistent with the initial pooled-OLS results.  

We find that off-balance sheet activities are in general positively related to the 

risk measures. This result is consistent with expectations and is robust to the various 

specifications reported above. Thus, increasing the level of off-balance activities 

increases bank risk.  This result has important policy implications and certainly justifies 

the inclusion of this data in bank balance sheets.    

Further, consistent with our expectations, we find uninsured deposits are 

negatively related with bank systematic risk.  This is consistent with the existence of 

market discipline effect though there is only weak evidence to support market discipline 

effects for the remaining risk measures.  This is an important result because it suggests 

that the level of uninsured deposits should have a direct impact on bank share price 

through its impact on systematic risk.   

The other important factor is bank charter value. We find a negative and 

significant relationship between charter value and credit risk, which implies a charter 

                                                 
29 The results are available upon request.  
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value discipline effect with respect to bank credit risk. However, our findings also 

provide evidence of a positive and statistically significant relationship between charter 

value and bank equity risk. This relationship is contrary to our expectations. One possible 

explanation is that this relationship reflects the growth opportunities implicit in charter 

value. 

We find evidence to support the argument that bank capital is non-linearly related 

to bank risk though this result is sensitive to estimation method and to period choice (pre 

versus post EMU). There is considerable variation in the bank size coefficients with a 

positive relationship between size and bank systematic risk, total risk and idiosyncratic 

risk and a negative relation with bank credit risk. We also note variation in the various 

measure of bank risk between common law country and civil law country banks and 

between euro-zone and non-euro-zone banks.   These findings are statistically significant 

at 5% significance level or better.  There is also some evidence of an interaction between 

charter value and size.   
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Table 1 Sample composition 
The sample includes 84 listed bank shares from both euro-zone and non-euro-zone European countries. These includes 
bank holding companies, commercial banks, savings banks and co-operatives from Belgium, Finland, Denmark, 
France, Germany, Greece, Ireland, Italy, Netherlands, Norway, Portugal, Spain, Sweden, Switzerland, and the United 
Kingdom. The complete sample is dominated by commercial banks followed by savings banks, bank holding 
companies and cooperatives. The total number of banks in euro-zone countries stands at 39 which include 3 bank 
holding companies, 29 commercial banks, no cooperatives and 7 savings banks. The total number of banks in non-euro-
zone European countries stands at 45, comprising of 2 bank holding companies, 37 commercial banks, 1 co-operative 
and 5 savings banks. The non-euro-zone commercial bank sample is dominated by Danish banks.  
 

Country  Bank Holding  
Company 

Commercial banks Co-operatives Savings 
bank 

Total 

Euro zone countries      
Belgium 1 0 0 0 1 
Finland 0 2 0 0 2 
France 0 6 0 0 6 
Germany 0 3 0 0 3 
Greece 0 7 0 0 7 
Ireland 0 3 0 0 3 
Italy 0 1 0 6 7 
Netherlands 0 1 0 0 1 
Portugal 2 0 0 0 2 
Spain 0 6 0 1 7 
Total 3 29 0 7 39 
Non euro zone countries      
Denmark 0 36 0 0 36 
Norway 0 0 0 3 3 
Sweden 0 1 0 0 1 
Switzerland 1 0 1 2 4 
United Kingdom 1 0 0 0 1 
Total 2 37 1 5 45 
Total number of listed shares for 
both Euro-zone and non-euro-zone 
countries 

5 66 1 12 84 
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Table 2 Descriptive statistics  
This table presents descriptive statistics for bank risks and explanatory variables. The study uses annual observations of 
bank specific variables and time invariant variables for listed bank shares in euro-zone and non-euro-zone countries. 
The total number of observations across the sample is 840, with 10 years of date for 84 banks. Panel A presents the 
descriptive statistics of bank equity risk, interest rate risk and credit risk. The total risk and idiosyncratic risk are 
expressed in terms of natural logs as the log values for these risk measures are used in the following analysis.  Panel B 
presents the descriptive statistics of the bank specific and country specific variables. Variables are defined in Table 2. 
(N = 840) 
 
 
Panel A Descriptive statistics of bank risk measures 
 Mean Std. dev Min Max Skew Kurt 
Credit risk 0.01 0.01 -0.02 0.06 3.57 27.63 
Systematic risk 0.39 0.50 -1.27 3.32 0.99 1.35 
Natural log of total risk -7.35 1.23 -12.01 -3.37 -0.19 0.53 
Interest rate  risk  0.173 0.20 0.00 2.11 2.98 16.00 
Natural log of idiosyncratic risk -7.62 1.10 -12.05 -3.40 -0.18 1.38 

 
 
Panel B Descriptive statistics of the explanatory variables 
 Mean Std. dev Min Max Skew Kurt 
Dividend yield 3.00 1.97 0 13.16 1.43 3.37 
Operating leverage  0.02 0.20 0.00 5.71 28.86 835.08 
Uninsured deposits 0.16 0.14 0.00 0.97 2.53 10.56 
Charter value 1.02 0.07 0.87 1.79 4.41 35.68 
Bank capital 0.09 0.06 0.02 0.95 6.38 84.13 
Bank capital squared 0.01 0.04 0.00 0.90 20.40 447.46 
Off balance sheet activities 0.52 1.37 0.01 21.51 9.98 126.99 
Loan to total assets  0.60 0.15 0.01 0.92 -0.65 0.85 
Size 5.77 2.50 1.17 11.33 0.36 -0.91 
Economic freedom index 68.65 5.77 55.60 82.40 0.00 -0.67 
Bank specialization dummy 0.77 0.42 0 1 -1.31 -0.28 
Legal origin dummy 3.04 1.03 1 4 -0.33 -1.51 
Euro-zone dummy 0.46 0.50 0 1 0.14 -1.98 
Creditor rights index 2.12 1.01 0 4 -0.59 -0.82 
Anti-director rights index 2.35 0.96 0 5 0.57 0.03 
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Table 3 The determinants of bank risks 
This table represents the pooled-OLS regression results to estimate the base and extended models of bank risk.  
Variables are defined in Table 2. The joint F-test refers to a test for statistical significance of the year dummies. All 
results are corrected for heteroscedasticity and adjusted standard errors are reported in parenthesis. ***significant at 1% 
significance level, **significant at 5% significance level, *significant at 10% significance level. 
† the coefficients of the explanatory variables  and standard errors are scaled by 100. 
Panel A: Pooled OLS analysis for base model 
 Credit risk Systematic  risk Total risk Interest rate 

risk 
Idiosyncratic 
risk 

Intercept 0.019*** 
(0.004) 

0.746*** 
(0.206) 

-5.990*** 
(0.615) 

0.370*** 
(0.117) 

-6.314*** 
(0.614) 

Uninsured deposits  0.001*** 
(0.018)† 

-0.050*** 
(0.014) 

0.009 
(0.042) 

-0.008 
(0.008) 

0.070* 
(0.041) 

Charter value -0.007** 
(0.003) 

0.505** 
(0.208) 

3.691*** 
(0.610) 

0.204 
(0.173) 

3.091*** 
(0.627) 

Bank capital -0.031† 
(0.042)† 

-0.131** 
(0.059) 

-0.097 
(0.146) 

-0.002 
(0.033) 

-0.010 
(0.155) 

Bank capital squared 0.146***† 
(0.045)† 

0.086** 
(0.036) 

-0.166* 
(0.092) 

-0.033 
(0.020) 

-0.186** 
(0.096) 

Off-balance sheet activities 0.033***† 
(0.013)† 

0.050*** 
(0.012) 

0.106*** 
(0.030) 

0.001 
(0.006) 

0.067** 
(0.030) 

Loan to total assets 0.003** 
(0.001) 

-0.218*** 
(0.073) 

-0.588** 
(0.246) 

0.025 
(0.045) 

-0.235 
(0.242) 

Size -0.032***† 
(0.011)† 

0.149*** 
(0.008) 

0.087*** 
(0.028) 

-0.041† 
(0.006) 

-0.026 
(0.028) 

Economic freedom  
index 

-0.007*† 
(0.004)† 

-0.013*** 
(0.003) 

-0.041*** 
(0.007) 

-0.006*** 
(0.002) 

-0.034*** 
(0.007) 

Year Dummy Variables yes yes yes yes yes 
Adj R2

Model test 
Breusch Pagan χ2

Joint F-test for year 
dummies  
Number of obs. 

0.20 
F[17,822]=14 

558.70 
2.48 

Prob(0.000) 
840 

0.57 
F[17,822]=69 

257.32 
7.61 

Prob(0.000) 
840 

0.30 
F[17,822]=23 

103.87 
6.91 

Prob(0.000) 
840 

0.07 
F[17,822]=5 

356.60 
1.89 

Prob(0.000) 
840 

0.17 
F[17,822]=11 

100.44 
5.32 

Prob(0.000) 
840 

 

 40

2209



 41

 
Panel B: Pooled-OLS analysis for extended model 
 Credit risk Systematic  risk Total risk Interest rate risk Idiosyncratic 

risk 
Intercept 0.027*** 

(0.004) 
1.125*** 
(0.266) 

-8.251*** 
(0.781) 

0.105 
(0.162) 

-8.665*** 
(0.762) 

Operating 
leverage  

0.001*** 
(0.012)† 

-0.025*** 
(0.007) 

-0.016 
(0.021) 

-0.009** 
(0.004) 

-0.003 
(0.021) 

Dividend yield 0.010† 
(0.007)† 

0.019** 
(0.008) 

-0.009 
(0.022) 

-0.008 
(0.006) 

-0.021 
(0.022) 

Uninsured 
deposits  

0.001*** 
(0.018)† 

-0.044*** 
(0.014) 

-0.020 
(0.038) 

-0.012 
(0.008) 

0.036 
(0.037) 

Charter value -0.008** 
(0.003) 

0.264 
(0.221) 

2.202*** 
(0.585) 

-0.046 
(0.188) 

1.695*** 
(0.622) 

Bank capital 0.001 
(0.040)† 

-0.127* 
(0.069) 

-0.352** 
(0.164) 

-0.049 
(0.036) 

-0.356** 
(0.169) 

Bank capital 
squared 

0.085† 
(0.001) 

0.069* 
(0.039) 

0.038 
(0.094) 

-0.006 
(0.021) 

0.022 
(0.098) 

Off balance sheet 
activities 

0.018**† 
(0.014) † 

0.068*** 
(0.013) 

0.219*** 
(0.033) 

0.013** 
(0.007) 

0.176*** 
(0.033) 

Loan to total 
assets  

0.004** 
(0.002) 

-0.191** 
(0.082) 

-0.500** 
(0.243) 

0.041 
(0.045) 

-0.191 
(0.239) 

Size -0.032***† 
(0.011)† 

0.130*** 
(0.010) 

0.039 
(0.027) 

-0.007 
(0.006) 

-0.071*** 
(0.027) 

Economic 
freedom index 

-0.016***† 
(0.004)† 

-0.010*** 
(0.003) 

-0.006 
(0.009) 

-0.002 
(0.002) 

0.004 
(0.008) 

Bank 
specialization 
dummy D1

0.004† 
(0.001) 

0.084** 
(0.034) 

0.043 
(0.091) 

0.009 
(0.019) 

-0.051 
 (0.087) 

Legal origin 
dummy D2

-0.002*** 
(0.001) 

-0.157*** 
(0.072) 

-0.015* 
(0.063) 

-0.006 
(0.015) 

0.040 
(0.063) 

Geographical 
dummy D3

-0.003*** 
(0.042)† 

-0.184*** 
(0.047) 

0.560*** 
(0.137) 

0.082*** 
(0.028) 

0.656*** 
(0.134) 

Creditor rights 
dummy D4

0.027**† 
(0.025)† 

-0.007 
(0.018) 

-0.202*** 
(0.049) 

-0.002 
(0.010) 

-0.160*** 
(0.048) 

Anti-director 
rights D5

-0.001** 
(0.030)† 

-0.033* 
(0.020) 

0.150*** 
(0.046) 

0.030*** 
(0.011) 

0.184*** 
(0.044) 

Year Dummy 
Variables 

yes yes yes yes yes 

Adj R2

Model test 
Breusch Pagan χ2 

Joint F-test for 
year dummies 
Number of obs. 

0.21 
F[24,814]=11.54 

809.62 
F(9,815)=2.66 
Prob(0.005) 

840 

0.60 
F[24,814]=51.61 

410.80 
F(9,815)=7.01 
Prob(0.000) 

840 

0.37 
F[24,814]=21.53 

111.43 
F(9,815)=8.08 
Prob(0.000) 

840 

0.10 
F[24, 814]=4.91 

514.08 
F(9,815)=2.18 
Prob(0.0213) 

840 

0.24 
F[24,814]=11.97 

114.27 
F(9,815)=6.13 
Prob(0.000) 

840 
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Table 4 Impact of Economic and Monetary Union (EMU) on bank equity risks, interest rate risk and credit risk 
This table represents the impact of EMU on bank equity risk and credit risk. Pooled-OLS is used in estimation of these models as per equation (6). Variables are defined in Table 2. 
All results are corrected for heteroscedasticity and the adjusted standard errors are reported in parenthesis. ***significant at 1% significance level, **significant at 5% significance 
level, *significant at 10% significance level.   
† the coefficients of the explanatory variables and standard errors are scaled by 100. 
 
                                     Credit risk       Systematic risk         Total risk                   Interest rate                      Idiosyncratic risk 
 Pre EMU Difference Pre EMU Differenc

e 
Pre EMU Differen

ce 
Pre EMU Difference Pre EMU Differen

ce 
Intercept          0.004

(0.003) 
- 0.409

(0.372) 
- -5.401***

(1.292) 
- -0.128

(0.170) 
- -5.120

(1.250) 
- 

Uninsured deposits 0.044*† 
 (0.026)† 

0.029† 
(0.036)† 

-0.041 
(0.028) 

-0.017 
(0.032) 

0.017 
(0.058) 

-0.021 
(0.084) 

0.011 
(0.010) 

-0.027* 
(0.016) 

0.069 
(0.056) 

-0.006 
(0.082) 

Charter value -0.005 
(0.005) 

-0.002 
(0.006) 

1.711*** 
(0.566) 

-1.431** 
(0.611) 

5.806*** 
(1.735) 

-2.768 
(1.844) 

0.529* 
(0.283) 

-0.394 
(0.343) 

5.273*** 
(1.693) 

-2.829 
(1.818) 

Bank capital 0.001 
(0.001) 

-0.001 
(0.001) 

0.101 
(0.119) 

-0.276** 
(0.136) 

-0.123 
(0.317) 

0.099 
(0.354) 

0.063 
(0.106) 

-0.079 
(0.111) 

-0.234 
(0.294) 

0.223 
(0.342) 

Bank capital squared 0.007† 
(0.001) 

0.002*** 
(0.001) 

-0.064 
(0.067) 

0.182** 
(0.078) 

-0.327* 
(.194) 

0.227 
(0.219) 

-0.096* 
(0.055) 

0.082 
(0.060) 

-0.239 
(0.186) 

0.085 
(0.215) 

Off balance sheet 
activities 

0.001*** 
(0.014)† 

-0.001*** 
(0.024)† 

0.046*** 
(0.017) 

0.008 
(0.023) 

0.065 
(0.052) 

0.066 
(0.063) 

-0.015 
(0.009) 

0.021* 
(0.012) 

0.040 
(0.050) 

0.050 
(0.062) 

Loan to total assets 0.006*** 
(0.002) 

-0.004 
(0.002) 

-0.394*** 
(0.137) 

0.220 
(0.162) 

-1.011** 
(0.422) 

0.692 
(0.522) 

0.048 
(0.080) 

-0.053 
(0.098) 

-0.674* 
(0.405) 

0.734 
(0.507) 

Size -0.001*** 0.001** 
(0.021)† (0.025)† 

0.130*** 
(0.017) 

0.023 
(0.020) 

0.009 
(0.050) 

0.125** 
(0.059) 

-0.011 
(0.009) 

0.014 
(0.012) 

-0.099** 
(0.047) 

0.115* 
(0.058) 

Economic freedom  
index 

0.009*† 
(0.005)† 

-0.022***† 
(0.007) 

-0.007 
(0.005) 

-0.006 
(0.006) 

-0.054*** 
(0.016) 

0.020 
(0.018) 

0.005† 
(0.002) 

-0.007** 
(0.003) 

-0.053*** 
(0.016) 

0.027 
(0.018) 

Year Dummy 
Variables 

yes          yes yes yes yes

Adj R2

Model test 
Breusch Pagan χ2 

Lagrange Multiplier 
test 
Wald test for joint 
significance for 
differences 
Joint significance for 
year dummies 

0.22 
F[25,814]=11 
648.57 
58.66*** 
 
 
 
 
5.53 

 
 
 
 
 
3.62 

0.57 
F[25,814]=46 
278.65 
406.89*** 
 
 
 
 
1.31 
 

 
 
 
 
 
2.25 

0.31 
F[25,814]=16 
145.194 
384.89*** 
 
 
 
 
5.24 

 
 
 
 
 
1.35 
 

0.08 
F[25,814]=4 
454.54 
57.24*** 
 
 
 
 
2.89 

 
 
 
 
 
2.35 

0.17 
F[25,814]=8 
134.186 
320*** 
 
 
 
 
4.65 
 

 
 
 
 
 
1.32 
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Appendix, Definition of selected variables  

This table defines risk measures as well as bank specific and country specific variables used in analysis. The variable column presents the dependent variables, explanatory 
variables and control variables used in the models.  The dependent variables consist of four alternate equity based risk measures which are the total risk, systematic risk, interest 
rate risk, idiosyncratic risk and a variable to capture credit risk. The base model for study includes uninsured deposits, charter value, bank capital and bank capital squared, off-
balance sheet activities, loan to total assets and control variables such as size and economic freedom index. The extended model includes the additional variables, operating 
leverage, dividend yield, ownership dummy, legal origin dummy, geographical dummy, creditor rights index and anti-director rights index. The table also presents potential 
references for these variables and the source of data. 
 
Variables   Definition Reference Source 
Dependent variables     
Total risk  standard deviation of the bank return Konishi and Yasuda 2004, Anderson 

and Fraser 2000, Kane and Unal 1988, 
Flannery and James 1984 and Lynge 
and Zumwalt 1980 

Datastream 

Interest rate risk  estimated from equation 1  Konishi and Yasuda 2004, Anderson 
and Fraser 2000, Kane and Unal 1988, 
Flannery and James 1984 and Lynge 
and Zumwalt 1980 

Datastream 

Systematic risk  estimated from equation 1 Konishi and Yasuda 2004, Anderson 
and Fraser 2000, Kane and Unal 1988, 
Flannery and James 1984 and Lynge 
and Zumwalt 1980 

Datastream 

Idiosyncratic risk variance of the residual from the two index model from equation 1 Konishi and Yasuda 2004, Anderson 
and Fraser 2000, Kane and Unal 1988, 
Flannery and James 1984 and Lynge 
and Zumwalt 1980 

Datastream 

Credit risk  loan loss provision /total liabilities = ex-post realized risk   Bankscope and Osiris 
Bank- specific variables    
Operating leverage fixed assets/total assets  Saunders, Strock and Travlos 1990 and 

Galloway, Lee and Roden 1997. 
Bankscope 

Dividend yield  dividend per share divided by price per share  Datastream 
Uninsured deposits (subordinated debt+ inter-bank deposits)/total liabilities Nier and Baumann 2004 Bankscope and Osiris 
Charter value (endogenous)  (market value of equity +book value of liabilities)/book value of total assets  Keeley 1990 and Konishi and Yasuda 

2003 
Bankscope and Osiris 

Bank capital or financial 
leverage  

Equity/total assets  Berger, Herring and Szegö 1995, 
Saunders, Strock and Travlos 1990 

Bankscope and Osiris 

Bank capital squared (capital/total assets)2 Calem and Rob 1999 Bankscope and Osiris 
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Off-balance sheet items This includes contingent liabilities, loan commitments, standby letters of 
credit,(acceptances, guarantees, documentary and commercial Letter of 
credits and operating leasing commitments) 

Angbazo 1997 Bankscope and Osiris 

Loans/total assets Total loans/total assets   Bankscope and Osiris 
Size  Natural logarithm of total market value of equity  Datastream 
Country specific  variables    
Economic freedom index  We take the overall score for our analysis. The score includes: business 

freedom, trade freedom, fiscal freedom, freedom from government, monetary 
freedom, investment freedom, financial freedom, property rights, freedom 
from corruption and labor freedom. 

Gonźalez 2005 Heritage foundation, 
WBRS, Barth et al 
2001 

Ownership dummy (D1) D1=1 if commercial banks and D1=0 otherwise   
Legal origin (D2) The legal origin dummy. D=1 for common law countries or English origin 

countries, D=2 for French civil-law countries, D=3 German civil law 
countries and D=4 for Scandinavian civil law countries. 

La Porta, Lopez de Silanes, Shleifer 
and Vishny 1998 and Gonźalez 2005.  
 

 

EMU vs. Non EMU (D3) D3=1 if euro zone countries and D3=0 otherwise   
Creditor rights (D4) The index is formed taking into account (1) the country imposes restrictions 

such as creditor’s consent or minimum dividends to file for reorganization, 
(2) secured creditors are able to gain possession of their security once the 
reorganization petition has been approved, (3) secured creditors are ranked 
first in the distribution of the proceeds that result from the disposition of the 
assets of a bankrupt firm, (4) the debtor does not retain the administration of 
its property pending the resolution of the reorganization.  A score is 
calculated by adding one for each of these characteristics.  The index ranges 
from 0 to 4. Our sample shows a similar range.  

La Porta, Lopez de Silanes, Shleifer 
and Vishny 1998, Levine et al 2000, 
Levine 1998, Beck et al 2000 and 
Gonźalez 2005 

Bankruptcy and 
reorganization laws 

Anti-director rights (D5) Legal protection for minority shareholders is calculated taking into account 
whether a country protects minority shareholders, has one share-one vote 
score, allows proxy by mail allowed, shares are not blocked before meeting, 
allows cumulative voting, rights exist for oppressed minority, allows 
preemptive rights to new issue, a percentage of share capital allowed to call 
an extraordinary shareholder meeting. These six creditor rights are scored (1 
if allowed or 0) and added to give an aggregate score. The anti-director rights 
index ranges from 0 to 6. In our sample it ranges from 0 to 5.  

La Porta, Lopez de Silanes, Shleifer 
and Vishny 1998 and Gonźalez 2005. 

Company law or 
commercial code 
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Evolution of Liquidity: An Integrated Order 

Strategy Model of Uninformed and Informed Traders 

 

Abstract: 

This paper presents an integrated microstructure model of risk-averse uninformed 
and informed traders for the evolution of liquidity. Under an actively monitoring 
market, limit order book as a medium for information and order strategies of traders, 
thereby market order arrival of informed traders could leak out fundamental 
information and limit order arrival of informed traders could deceive the market, so 
informed traders might trade via a variety of order combinations in order to maximize 
their expected utilities. Our theoretical analysis corroborates the findings: (1) 
uninformed traders recognize that the bid and ask are positively (negatively) 
associated with arrival rates of market buy (sell) order; (2) liquidity evolution of 
uninformed traders depend on whether the bid and ask prices are sufficiently adjusted 
to the private information of market recognition; (3) liquidity evolution of informed 
traders are in response to the dynamic adjustment of prices to information, so they 
demand (supply) liquidity when the value of their information is high (low). Our 
model complements the empirical and experimental evidences for evolution of 
liquidity of Anand, Chakravarty and Martell (2005) and Bloomfield, O’Hara and 
Saar (2005).  

 

 

 

 

 

 

Keywords: Market Microstructure, Order Strategy, Informed trader, Price formation 
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 4

1. Introduction 

Liquidity is the extant trading mechanisms relying on to be viable for the trading 
process, especially electronic structure prevailing in financial asset markets. In an 
order-driven markets where there is no designated liquidity provider such as a 
specialist or a dealer, evolution of liquidity depends endogenously on the order 
strategies of market participants. Yet until recently, few market microstructure models 
analyze the order strategy of uninformed traders in order-driven markets. Those 
theoretical studies make their analyses tractable by imposing highly restrictive 
assumptions that only market orders could be used by informed traders and liquidity 
traders for trading, and thereby only uninformed traders can choose to trade via limit 
order and supply liquidity to the market or choose to trade via market order and 
demand liquidity from the market. Hence, these assumptions raise concerns about the 
robustness of their conclusion that limit order of uninformed traders plays an 
important role in the public’s liquidity provision. However, how restrictive would 
their assumption of informed traders seem plausible? Or could we release the 
restriction? Even, informed traders might have active order strategy for their 
investment. Besides, whether uninformed traders could keep in touch the pulse of 
limit order book to extract the fundamental information from orders composition of 
informed traders to change their liquidity providing? How interactive would order 
strategies of informed traders are with ones of uninformed traders under public screen 
providing system of limit order book to form the evolution of liquidity? 

Evolution of liquidity seems to be dominated by the order-submission behaviors of 
informed traders, because the market dynamically incorporates private information to 
adjust the liquidity providing. The only way of exploring the evolution of liquidity is 
studying the interactive order-submission behaviors of uninformed and informed 
traders. Anand, Chakravarty and Martell (2005) and Bloomfield, O’Hara and Saar 
(2005) provide the empirical and experimental researches for the evolution of 
liquidity to underscore the importance of developing new theoretical model to more 
accurately reflect the changing and complex trading milieu. This paper serves as a 
first attempt to derive the integrated order strategy model of informed trader and 
uninformed traders to explain the evolution of liquidity in an order-driven market. 

Handa, Schwartz and Tiwari (2003) develop a microstructure model in which 
uninformed traders of high and low valuations face adverse selection due to the 
presence of privately informed traders. Hence, the size of the spread is a function of 
the differences in valuation among uninformed traders and of adverse selection. Our 
model extends the uninformed traders’ equilibrium of Handa, Schwartz and Tiwari 
(2003) to include order strategy of informed traders to investigate the evolution of 
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liquidity. In contrast with the equilibrium of Handa, Schwartz and Tiwari (2003) in 
which informed traders and liquidity traders only submit market orders and 
uninformed traders only submit limit orders, we create a setting where both 
uninformed and informed traders can choose between market and limit orders in a 
complexity of the trading environment. Following the experimental features of 
Bloomfield, O’Hara and Saar (2005), we focus on the strategies of market participants 
considering private information diffusion, interaction among informed and 
uninformed traders, interdependence of buyer’s and seller’s decisions, the state of 
limit order book and characteristics of the risky asset for evolution of liquidity. 

Uninformed traders could monitor limit order book information to conjecture the 
arrival rates of market and limit order, namely incoming order aggressiveness, to 
optimally adjust quote prices and order strategy. If incoming order aggressiveness 
increases (decreases), uninformed traders expect that informed traders are present 
(absent) in counterparties. In the trading beginning, informed traders would like to 
maximize profit from their information resulting in that rapidly consuming limit 
orders will lead quote prices formed by uninformed traders to converge quickly to full 
information levels. The inference is consistent with the argument of Angel (1994) and 
Harris (1998) that informed traders are more likely to use market orders if the realized 
asset value is farther away form its expected value. In the trading later, submitting 
limit orders could allow informed traders to hide his information or even to deceive 
the market, to further obtain price improvement, but to expose to non-execution risk. 
Consequently, informed traders fully consume liquidity accompanying that quote 
prices quickly move to true value when the value of their information is high, and 
they partially supply liquidity accompanying that quote price slowly move to true 
value when the value of their information is low. These results are consistent with the 
conclusion of Anand, Chakravarty and Martell (2005) and Bloomfield, O’Hara and 
Saar (2005) that informed traders tend to take liquidity earlier in the trading day while 
acting as liquidity supplier later in the day. The change in the behavior of the 
informed traders is in response to the dynamic adjustment of prices to information 
which uninformed traders set according to state of limit order book. Hence, under 
information asymmetry, the adjustment of quote price to private information by the 
market is the key determinant of evolution of market liquidity.  

Our theoretical inference provides a number of important results to confirm the 
argument in experimental research of Bloomfield, O’Hara and Saar (2005) and 
empirical research of Anand, Chakravarty and Martell (2005), respectively. 
Specifically, three improvements to our model for enhancing the robustness of our 
conclusion could be identified: incorporation of order strategy of informed traders, 
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risk-averse preference and state of limit order book.  

Incorporation of order strategy of informed traders: numerous authors in finance 
theory suggest that informed traders are aggressive agents without active order 
strategy. 1  For example, Holden and Subrahmanyam (1992) show that multiple 
privately informed traders compete aggressively to cause most of their common 
private information to be revealed very rapidly, so they prefer submit market orders. 
Harris (1998) predicts that informed traders are more likely to use market orders if 
they believe their information to be short lived. In Handa, Schwartz and Tiwari (2003), 
the short-lived nature of the private information implies that informed traders only 
trade by means of market orders according to private information quality. However, 
Lo, McKinlay and Zhang (2002) provide empirical evidences that traders possessing 
private information might also submit limit orders.2 Anand, Chakravarty and Martell 
(2005) find support for informed trader’s use of limit orders building on the 
assumption that institutions are informed traders while individuals are uninformed. 
Using experimental asset markets, Bloomfield, O’Hara and Saar (2005) investigate 
the order choice of informed traders. They also find that informed traders use more 
limit orders than do liquidity traders. Therefore, parts of empirical evidences related 
to the order strategy of informed traders are inconsistent with the most theoretical 
inference. 

Two researches relax the common assumption in the theoretical literature that 
informed traders only consume liquidity and do not provide it. Chakravarty and 
Holden (1995) develop an order strategy model where a risk-neutral informed trader 
optimally chooses any combination of a market buy, a market sell, a limit buy 
including the limit buy price and a limit sell including the limit sell price. The 
presence of limit orders inside the spread creates an additional opportunity for the 
informed trader to exploit. When the terminal value is above (below) bid (ask), a 

                                                 
1 Glosten (1994) suggests that informed traders who trade against the book are rational and risk averse 
in that they choose their trade to maximize a quasi-concave function of their cash and share position, 
and that the source of bids and offers is a large population of patient traders who are risk-neutral limit 
order submitters. Angel (1994) concludes that most informed traders would prefer market orders since 
they believe that the stock is going up, the probability of a limit order execution is low, and the loss 
from non-execution is high. Handa and Schwartz (1996) provide a rationale for limit order trading. In 
their framework, there are two types of investors: patient traders as uninformed traders, who supply 
liquidity to the market, and impatient traders as informed and liquidity traders, who wish to trade 
immediately. Other researches such as Rock (1990) and Seppi (1997) also assume that informed traders 
always enter market orders instead of limit order.  
2 Ellul, Holden, Jain and Jennings (2003) examine the determinants of the trader’s order choice 
decision. They suggest that favorable (unfavorable) private information simultaneously increase 
likelihood of buy (sell) market and limit order. Nevmyvaka, Kearns, Papandreou, and Sycara (2005) 
empirically demonstrate that a combination of market order and limit orders is able to obtain a superior 
average price than the one by only using market orders or the one by only using limit orders, under a 
fixed order size, a fixed trading time and a pre-committed liquidity. 
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combined market buy-limit sell (market sell-limit buy) is more profitable than a 
market buy (sell) only. Kaniel and Liu (2004) show that even after incorporating an 
order’s price impact, not only may informed traders prefer to use limit orders, but the 
probability that they submit limit orders can be so high that limit orders convey more 
information than market orders. Nevertheless, the inferences of Chakravarty and 
Holden (1995) limited within bid-ask spread can not explain the extant complex 
evidences. Based on risk-neutral preferences, Kaniel and Liu (2004) modify 
Glosten-Milgrom (1985) type equilibrium model to investigate the decision of 
informed traders on whether to use limit or market order in a market with “ a market 
maker “. Those models are unable to convince the researchers in electronic structure 
of how informed traders influence the evolution of liquidity in a pure order-driven 
market. 

Incorporation of risk-averse preference: majority of limit order models applied 
risk-neutral preference to analyze order strategies of market participants.3 Without 
risk-averse perspective, those analyses of price formation in incorporating adverse 
selection risk and non-execution risk could restrain its explaining power for 
dynamical order strategy behaviors in order-driven market. Hence, risk aversion raises 
some interesting questions that will refine the results of former researchers. Hence, 
Wald and Horrigan (2005) use the expected utility maximization of a risk-averse 
investor to analyze optimal order decision to demonstrate that optimal market or limit 
order choice can be analyzed using a mean-variance framework. Wang, Zu and Kuo 
(2007a) provide a model for order-submission strategy and price formation by 
analyzing the optimal behavior of risk-averse uninformed traders. Notwithstanding 
those papers try to include risk-averse preference for analyzing order strategy, they 
still fail to consider order-submission behaviors of informed traders to explain the 
evolution of market liquidity.  

Incorporation of state of limit order book: liquidity is supplied voluntarily by market 
participants based on their beliefs regarding valuations and dynamic adjustment of 
their observing information. Uninformed traders, the bulk of market participants, who 
mainly manufacture the lifeblood of order-driven market, are characterized by scant 
information, and thus should keep in touch with the pulse of the market to capture 
information flow for improving their investment. Information content of the limit 
order book is the main source of real-time information for all market participants to 
revise their reservation value. Seppi (1998) suggest that agents choose to submit a 
limit order or a market order depending on the state of the limit order book. Parlour 

                                                 
3 This risk-neutral assumption is imposed in the researches by Copeland and Galai (1983), Glosten 
(1994), Handa and Schwartz (1996), Foucault (1999), Handa, Schwartz and Tiwari (2003). 
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(1998) presents a dynamic model of a limit order market in which the decision to 
submit a market order or a limit order depends critically on the state of limit order 
book and the trader’s place in the limit order queue. Besides, studies like Chakravarty 
and Holden (1995), Kaniel and Liu (2004), and Anand, Chakravarty and Martell 
(2005) that argue for the use of limit orders by informed traders serve to underscore 
that significance of the limit order book. Wang, Zu and Kuo (2007b) develop an 
optimal revision model of price formation in which the market incorporates order 
book information into the bid-ask spread to manage the related fluctuations of adverse 
selection risk and non-execution risk and provide evidences of traders’ monitoring 
behavior using order aggressiveness encapsulated from the state of the limit book. In 
addition, empirical studies have verified that the state of the limit order book affects a 
trader’s strategy.4 Ranaldo (2004) examine the information content of a limit order 
book in a purely order-driven market and shows that patient traders become more 
aggressive given thicker (thinner) own (opposite) side book, wider spread, and 
increased temporary volatility. To the best of our knowledge, order book information 
has significant power to explain trader’s degree of aggressiveness.5 Foucault, Kadan 
and Kandel (2005) suggest that the proportion of patient traders and the order arrival 
rate are the key determinants of limit order book dynamics in equilibrium. Thereby, 
the incoming order aggressiveness represents the state of limit order book.6  

We find that when the value of information is high, informed traders tend to use 
market orders to realize trading profit before prices approach true value. When the 
value of their information is decreasing, informed traders tend to increasingly use 
limit order. In the asymmetric information setting and monitoring activities on the 
state of limit order book, both evolutions of liquidity of informed traders and 
uninformed traders stem from the degree of private information diffusion. Our 
analysis indicates that adequate transparency of limit order book could efficiently 
diffuse information in the market to appropriately reduce information asymmetry and 
generate sufficient profit of informed traders to collect private information resulting in 

                                                 
4 Biais et al. (1995) empirically analyze supply and demand of liquidity and interaction between order 
book and order flow in the Paris Bourse. Hasbrouck (1991a, 1991b) examines the information 
indicators of limit order book. Cao et al. (2005) propose that traders should use available information 
on the state of the book. Ahn et al. (2001) analyze the interaction between transitory volatility and 
order flow composition to shed light on the role of limit orders in liquidity provision in a limit order 
market. Al-Suhaibani and Kryzanowski (2001) show that the probability of placing a market order is 
negatively related to inside spread and order size, and is positively related to order imbalance and 
previous same-side market orders. Furthermore, Chan (2005) demonstrates that traders become more 
aggressive in buying and more patient in selling after previous positive stock return. 
5 Coppejans and Domowitz ( 2002), Pascual and Veredas (2004), Ranaldo (2004) and Hall and 
Hautsch (2006) 
6 Wang, Zu and Kuo (2007b) examine the dynamic order-submission behavior via market order 
aggressiveness as a proxy for the information precision of limit order book. In this paper, we define the 
relative arrival rate of market versus limit orders as order aggressiveness. 
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that electronic structure is viable and robust to cope with extreme information 
asymmetry. That is why electronic limit order markets have been so successful in 
competing with more traditional market structures employing dealers or specialist. 

This article is organized as follows. In Section 2, we model the order submission 
strategy of uninformed traders and get the price quotation of market equilibrium. 
Section 3 we develop the order submission strategy of informed trader. Section 4 
analyzes the evolution of market liquidity. Section 5 concludes the paper. All proofs 
are in Appendixes A, B and C. 

2. Order Strategy of Uninformed Traders 

Consider a liquidity provision decision in a simple static order-driven market for a 
risky asset with a risk-free bond to form the portfolio of market participants. We study 
the order decision in their portfolios, either place a market order for a single share of a 
security with certainty trading at an uncertainty price or place a limit order for that 
security with uncertainty trading at a certainty price. We assume that all traders 
allocate the identical initial wealth 1W  into two assets at time 1: a bond, which pays a 
certain payoff 1≥TR  at time T , and a single risky asset x  with stochastic 

liquidation value, denoted by Txv ,
~ , which is realized at time T . All traders make 

order strategy to maximize the expected utility of terminal wealth TW  at time T . 
For simplicity, we assume constant absolute risk aversion with risk parameter λ . 
Each trader is assumed to have a negative exponential utility function: 

( ) ( )TT WWu λ−−= exp1                                               

There are three types of agents in the market. The first type agents, termed ‘liquidity 
traders ( )L ’ requires an immediate transaction via market order without order 
strategy due to subjective liquidity preference. The second type agents termed 
‘informed traders ( )I ’ have private exclusively advantageous information. The third 
type agents are without private information and liquidity demand termed ‘uninformed 
traders ( )U ’. Informed and uninformed traders determine their optimal order strategy 
by maximizing their expected utility. 

 Previous theoretical researches assume that informed traders only submit market 
order. In this paper, we investigate the order strategy of informed traders to relax the 
restrictive assumption. According to our inference related to informed traders in the 
next section, risk-averse informed traders would like to maximize profit from his 
information resulting in that they demand (supply) liquidity when the value of their 
information is high (low). Therefore, as long as trading prices are far (close) further 
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than true value, informed traders are much likely to submit market (limit) orders. 
Thus, uninformed traders are also able to learn that informed traders might submit 
limit orders in some situations. However, three conditions will lead to that uninformed 
traders recognize that informed traders only trade by means of market orders. Firstly, 
uninformed traders are unable to learn when informed traders submit limit orders. 
Secondly, uninformed traders learn that informed traders seldom submit limit orders 
except when trading prices are close to true value. Thirdly, while uninformed traders 
conjecture that informed traders submit limit order, quote prices set by ‘risk-averse’ 
uninformed traders are too risky to protect their trading, because they expect that the 
trading prices are close to true value to decrease the speed of price adjustment. In 
recursive equilibrium, risk-averse uninformed traders are inclined to recognize that 
the probability of limit order submitted by informed traders is close to zero, and the 
probability of market order submitted by informed traders is close to unity. 

We follow the assumption about the differences in valuation among investors in 
previous models.7 There are two groups of uninformed traders who have different 
interpretation of the same public information for the risky asset value as buyer group 
and seller group. We suppress Uh (Ul ) subscripts from the parameters associated 
with the uninformed buyer (seller) group. Let the fundamental value of the risky asset 

be a random variable TUhv ,
~  ( TUlv ,

~ ) at time T  for uninformed buyers (sellers). While 

a uninformed buyer (seller) trade for one share of the risky asset at a specified price 

xP , the terminal wealth TUhW ,  ( TUlW , ) is also a random variable given by 

TxTUhTUh RPWvW )(~
1,, −+=  ( TUlTxTUl vRPWW ,1,

~)( −+= ).  

The timing of events is depicted in Figure 1. We suppress 1 ( t ) subscripts from the 
expectation associated with the time 1 ( t ) and mkt  ( lim ) superscripts from the 
expectation associated with trading via market order (limit order). Accordingly, if 
uninformed buyers (sellers) submit limit order at time 1, it will be possibly executed 

at time t , the expected utility as : [ ])( ,
lim

, TUhtUh WuE  ( [ ]TUltUl WuE ,
lim

, ( ). However, if 

uninformed buyers (sellers) submit market order at time 1, it is immediately executed 

                                                 
7 The heterogeneity of reservation prices can be justified by differences of opinion as in Harris and 
Raviv (1993). Glosten and Milgrom (1985) and Parlour (1998) suggest that the differences in 
valuations are due to differences in agents’ discount factors. The dispersion in valuation of risky asset 
creates gains from trade and is necessary to generate trading as in Foucault (1999). Handa, Schwartz 
and Tiwari (2003) suggest that the differences in valuation are an outcome of taxes, liquidity shocks or 
other portfolio considerations.  
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at time 1 for sure, and the expected utility as : [ ])( ,1, TUh
mkt
Uh WuE  ( [ ])( ,1, TUl

mkt
Ul WuE ). Thus, 

we know that in general uninformed buyers (sellers) will choose their actions at time 
1 by maximizing those expected utilities of asset liquidation at time T .8  

 

For the buyer group, TUhv ,
~  have normal distribution ( )2

1 , UhUhN σµ  and  

( )2, UhUht tN σµ  at time 1 and t , respectively. Uhµ  can be interpreted as the 

reservation price with the variance 2
Uhσ . Similarly, for the seller group, Ulµ  can be 

interpreted as the reservation price with the variance 2
Ulσ  for the true value of the 

risky asset TUlv ,
~ , with normal distribution ( )2

1 , UlUlN σµ  and ( )2, UlUlt tN σµ  at time 1 

and t . 

2.1 The limit and market orders  

Actually, the limit order traders resemble the dealers in a quote-driven market in that 
they provide liquidity and immediacy to the market and encounter the problems of 
asymmetric information and the risk of non-execution, so that their bid-ask spreads 
should generate enough return to cover the loss of adverse selection and the 
opportunity cost of non-execution. However, limit order providers trade by 
maximizing the personal utility of the investment. For this reason, we focus the order 
strategy on the estimation of the expected utility of the risk-averse uninformed traders 
of the limit and market orders to indirectly infer the partial equilibrium of uninformed 

                                                 
8 In comparison market order with limit order, we omit the discount rate for the expectation of limit 
order for simplification, because the time interval between 1 and t  is too short. 

Time 

Figure. 1. The Timing of events. 

time1 time t   timeT  

Order-submission Decision Asset Liquidation Action 

Execution of market order Execution of limit order Execution 
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traders. 

2.1.1The expected utility of limit order 

Limit orders are submitted by uninformed traders without knowing who the next 
arriving traders are. At time t , the traders come to the market to choose the trade 
based on his trading motivation and information sets. We can classify the coming 
counterpart traders into the informed traders, uninformed traders, liquidity traders in 
the opposite side at time t . However, the order decision makers have different 
expected utility values trading with different types of the coming counterpart traders 
in different means of trading order. With this concept, the following subsections show 
the expected utilities trading with different classified counterpart traders at time t  
while submitting limit order at time 1. 

A. Informed traders of the opposite side: 

Handa, Schwartz and Tiwari (2003) suggest that limit order submitters face an 
adverse selection problem due to the presence of privately informed traders. While 
limit order submitter’s counterpart is informed trader, limit order submitter has a 
disadvantage of information suffering the inevitable losses which originate in the 
adverse information triggering harmful execution. Copeland and Galai (1983) show 
how a dealer’s decision to set quotes resembles to writing a put or call option to 
informed traders. In other word, the trader who places a buy (sell) limit order has 
written a free put (call) option of the execution price as the best bid price bP  (the 
best ask price aP ) to the informed trader. For uninformed traders’ terminal wealth by 
submitting the limit buy (sell) order conditioning on informed trades (denoted by I ) 

with the condition probability density function ( )Ivf TUhtUh ,,
~  ( ( )Ivf TUltUl ,,

~ ), they have 

expected utility as (Let lim denote submitting limit order): 

Limit order buyer: 

[ ] ( )[ ]( )( ) ( ) TUhTUhtUh

PR

TbTUhTUhtUh vdIvfRPWvIWuE bT

,,,1,,
lim

,
~~~exp1)( ∫ ∞−

−+−−= λ   

Limit order seller: 

[ ] ( )[ ]( )( ) ( ) TUlTUltUlPR TUlTaTUltUl vdIvfvRPWIWuE
aT

,,,,1,
lim

,
~~~exp1)( ∫

∞
++−−= λ  

B. Liquidity traders of the opposite side: 

Glosten (1994) and Handa and Schwartz (1996) analyze limit order traders’ decision 
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which gain from liquidity and lose from information in an open limit order book. 
Limit orders are likely to improve the submitters’ profits, because limit buy (sell) 
order price is lower (higher) than market buy (sell) order price, i.e. the difference of 
the prices as the bid-ask spread. Namely, only liquidity traders who trade based on 
liquidity motivation by market order are harmless to the limit order submitters. Those 
limit orders being favorable for limit order submitter are executed, because their price 
changes due to the arrival of liquidity traders are temporary and reversible. In other 
words, the liquidity sellers (buyers) trade the altruistic price bP  ( aP ) with the 
liquidity providers in order to exchange for the immediacy service. However, 
Foucault (1999) suggests that the setting price of limit order is fixed over time and the 
payoff of executed order would immediately become negative while new unfavorable 
public information arrives. Execution of limit orders is uncertain and the asset value 
fluctuates, that creates an adverse selection problem while new unfavorable public 
information arrives. 

Conditioning on the arrival of liquidity traders, the expected utility of limit order 
submitters has two components, price improvement and adverse selection cost of 
unfavorable public information. For uninformed traders’ terminal wealth by 
submitting the limit buy (sell) order conditioning on liquidity trade (denoted by L ) 

accompanying with the condition probability density function ( )Lvf TUhtUh ,,
~  

( ( )Lvf TUltUl ,,
~ ), they have expected utility as below where first term is related to price 

improvement and second term is related to adverse selection cost of new unfavorable 
public information. 

Limit order buyer: 

[ ] =LWuE TUhtUh )( ,
lim

, ( )[ ]( )( ) ( ) TUhTUhtUhPR TbTUh vdLvfRPWv
bT

,,,1,
~~~exp1∫

∞
−+−− λ  

( )[ ]( )( ) ( ) TUhTUhtUh

PR

TbTUh vdLvfRPWvbT

,,,1,
~~~exp1∫ ∞−

−+−−+ λ

             ( )[ ]( )( ) ( ) TUhTUhtUhTbTUh vdLvfRPWv ,,,1,
~~~exp1∫

∞

∞−
−+−−= λ  

Limit order seller:  

[ ] ( )[ ]( )( ) ( ) TUlTUltUl

PR

TUlTaTUltUl vdLvfvRPWLWuE aT

,,,,1,
lim

,
~~~exp1)( ∫ ∞−

−+−−= λ  
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( )[ ]( )( ) ( ) TUlTUltUlPR TUlTa vdLvfvRPW
aT

,,,,1
~~~exp1∫

∞
−+−−+ λ

             ( )[ ]( )( ) ( ) TUlTUltUlTUlTa vdLvfvRPW ,,,,1
~~~exp1∫

∞

∞−
−+−−= λ  

C. Uninformed traders of the opposite side: 

We consider the order strategy for uninformed traders. Thus, the counterparts of 
limit order submitters would be the uninformed traders from opposite side, who 
aggressively submit market order according to their decision of order strategy. 
However, for limit order submitters, these type counterparts are similar to the liquidity 
traders, because they have no private information and consume liquidity. Hence, 
aggressive uninformed traders and liquidity traders of the opposite side submitted by 
market order are identical in payoff. Specifically, previous theoretical models 
(Glosten, 1994; Handa and Schwartz, 1996; Foucault, 1999; Handa, Schwartz and 
Tiwari, 2003) do not analyze that the counterparts of limit order submitter might be 
uninformed traders, and it is not plausible because the results of order strategy 
decided by uninformed traders should include the market order. 

Conditioning on the arrival of aggressive uninformed traders, the expected utility of 
limit order submitters also has two components, price improvement and adverse 
selection cost of unfavorable public information. For uninformed traders’ terminal 
wealth by submitting the limit buy (sell) order conditioning on uninformed trade 
(denoted by Uh  or Ul ) accompanying with the condition probability density 

function ( )Ulvf TUhtUh ,,
~  ( ( )Uhvf TUltUl ,,

~ ), they have expected utility as below: 

Limit order buyer: 

[ ]UlWuE TUhtUh )( ,
lim

, ( )[ ]( )( ) ( ) TUhTUhtUhTbTUh vdUlvfRPWv ,,,1,
~~~exp1∫

∞

∞−
−+−−= λ  

Limit order seller:  

[ ]UhWuE TUltUl )( ,
lim

, ( )[ ]( )( ) ( ) TUlTUltUlTUlTa vdUhvfvRPW ,,,,1
~~~exp1∫

∞

∞−
−+−−= λ  

D. Limit orders of the opposite side: 

Limit orders are stored in a limit order book, waiting for future execution. A 
transaction is triggered by incoming market orders. While the coming traders are the 
limit order submitters of the opposite side, the limit orders fail to execute and 
continue to wait within the trading day. In the opposite side no market orders coming, 
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there are several possible reasons. First, as informed traders obtain new information 
which is desirable for the limit order traders, they submit the same side market order. 
Second, the opposite side liquidity traders have no liquidity demand. Third, 
uninformed traders of the opposite side make the order decision as submitting limit 
order. Handa and Schwartz (1996) offer the idea that limit order submitters burden the 
non-execution risk as an opportunity cost. Hence, no matter who in opposite side 
would not submit the market order, the limit order submitters will loss the profitable 
opportunity. Therefore, limit order traders run the risks of the uncertain execution of 
self-setting price. For simplicity, we assume that uninformed traders whose limit 
orders fail to execute must cancel the trading and reserve all the initial wealth to 
invest the bond. For uninformed traders’ terminal wealth by submitting the limit buy 
(sell) order conditioning on non-execution (denoted by N ) accompanying with the 

condition probability density function ( )Nvf TUhtUh ,,
~  ( ( )Nvf TUltUl ,,

~ ), they have 

expected utility as: 

Limit order buyer: 

[ ] ( ) ( ) TUhTUhtUhTTUhtUh vdNvfRWNWuE ,,,1,
lim

,
~~)exp(1)( ∫

∞

∞−
−−= λ   

Limit order seller: 

[ ] ( ) ( ) TUlTUltUlTTUltUl vdNvfRWNWuE ,,,1,
lim

,
~~)exp(1)( ∫

∞

∞−
−−= λ  

2.1.2 Expected utility of market order 

An alternative mean of trading to uninformed traders is submitting market order 
which is executed immediately. While an uninformed buyer (seller) decides to submit 
a market order at time 1, he expects that his counterparts are only uninformed limit 
order sellers (buyers) without information advantage because the informed and 
liquidity sellers (buyers) are expected to only trade by means of market sell (buy) 
orders. For uninformed traders’ terminal wealth by submitting the market buy (sell) 
order conditioning on uninformed trade (denoted by Ul  or Uh ) accompanying with 

the condition probability density function ( )Ulvf TUhUh ,1,
~  ( ( )Uhvf TUlUl ,1,

~ ), they have 

expected utility as (Let mkt denote submitting limit order): 

Market order buyer: 

[ ] ( )[ ]( )( ) ( ) TUhTUhUhTaTUhTUh
mkt
Uh vdUlvfRPWvUlWuE ,,1,1,,1,

~~~exp1)( ∫
∞

∞−
−+−−= λ   
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Market order seller: 

[ ] ( )[ ]( )( ) ( ) TUlTUlUlTUlTbTUl
mkt
Ul vdUlvfvRPWUhWuE ,,1,,1,1,

~~~exp1)( ∫
∞

∞−
−+−−= λ  

2.2 Order placement strategies 

Order-submission decisions clearly involve a dynamic trading process. The 
reservation value, which market participants infer from public information, is highly 
volatile, so they actively search other mines of information to channel private 
information. The order submitters capture any real-time information to assist in the 
valuation of risky assets and order decisions. If a signal arrival of favorable valuation 
increases (decreases) the precision of the reservation value of the uninformed buyers 
(sellers), they become more aggressive (patient), since buyers tend to be more 
concerned about non-execution risk, whereas sellers will tend to be more concerned 
about adverse selection risk. If an unfavorable valuation signal arrives, buyers (sellers) 
become more patient (aggressive). For all market participants it is ultimately 
inevitable that the order strategies of incoming investors will dynamically adjust the 
changes in non-execution risk and adverse selection risk of both sides. 

Since information arrives randomly, uninformed traders who become aware of new 
information by directly monitoring the information flow will learn the news before 
others. The state of the limit order book, which is publicly visible screen information, 
must be monitored by all market participants. Besides, order book information has 
significant power to explain trader’s degree of aggressiveness (Coppejans and 
Domowitz, 2002; Pascual and Veredas, 2004; Ranaldo, 2004 and Hall and Hautsch, 
2006). This study thus intuitively suggests that the information content of limit order 
books is encapsulated in market order aggressiveness. Consequently, the order 
aggressiveness of market participants is associated with the recognized state of the 
limit order book, so the market order aggressiveness of incoming traders can be a 
proxy for understanding how the state of the limit order book can change current price 
quotations. Glosten (1994) suggests that a trader to come to market selects the most 
appropriate trade based on their privately known but generally unobservable 
characteristics, such as preferences, information, portfolio position, etc, which could 
form the execution probability and the payoffs for estimating the expected utility. 
Wang, Zu and Kuo (2007b) examine how the state of limit order book influences the 
order strategy of uninformed traders using order aggressiveness. Foucault, Kadan and 
Kandel (2005) develop a dynamic model of a limit order market populated by 
strategic liquidity traders of varying impatience.  

The definition of buy (sell) order aggressiveness used in Ranaldo (2004) and Hall 
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and Hautsch (2006) is a higher (lower) price of orders set by buyer (lower).9 For the 
purpose of this paper, we capture the salient feature of order aggressiveness to define 
that a higher (lower) arrival rate of market (limit) buy order as higher level of order 
aggressiveness of buy side and a higher (lower) arrival rate of market (limit) sell order 
as higher level of order aggressiveness of sell side. We assume that all uninformed 
traders homogeneously recognize that the arrival rate of market sell (buy) orders 

denoted by s
mk  ( b

mk ) intend to urgently sell (buy) and the arrival rate of limit sell 

(buy) orders denoted by s
mk−1  ( b

mk−1 ) intend to patiently sell (buy) and that 

informed traders arrive with an exogenously specified proportion as Ip  , liquidity 
traders arrive with Lp  , and uninformed traders arrive with Up  
(thereby 1=++ ULI ppp ). Fig. 2 shows that on the uninformed buyers, a limit buy 
order can execute in three ways: (1) against informed sellers, (2) against liquidity 
sellers, and (3) against uninformed sellers, and can fail to execute against the limit sell 
orders submitted by uninformed sellers; a market buy order can immediately execute 
with the limit sell orders submitted by uninformed sellers. Similarly, Fig. 2 shows that 
on the uninformed sellers there are four analogous ways for a limit sell order and are 
sure for execution of market sell order. 

Hence, there are four possible states for submitting limit buy order depending on 

traders’ counterparts. The probability of the first state is I
s
m pk , as the counterpart 

trader is informed seller. L
s
m pk , Ul

s
m pk  and s

mk−1  are the probability of the 

liquidity seller, the aggressive uninformed seller and the limit order sellers (patient 
uninformed sellers), respectively. Similarly, there are also four possible states for 
submitting limit sell order depending on their counterparts. The probability of the first 

state is I
b
m pk , as the counterpart trader is informed buyer. L

b
m pk , Ul

b
m pk  and b

mk−1  

are the probability of the liquidity buyer, the aggressive uninformed buyer and the 
limit order buyers (patient uninformed buyers), respectively. More importantly, prior 
theoretical models (Glosten, 1994; Handa and Schwartz, 1996; Foucault, 1999; Handa, 
Schwartz and Tiwari, 2003) assume that the limit buy (sell) orders of uninformed 
buyer trade with the sell (buy) orders but not with the market sell (buy) orders. Their 

                                                 
9 Ranaldo (2004) define the mort aggressive order as a market order that demands more trading 
volume than is available at the prevailing quote. The second type of aggressive order is a market order 
that demands less volume that demands less volume than the quoted depth. The third and fourth order 
types are limit orders within and at the prevailing quotes, respectively. The least aggressive category is 
an order cancellation. 
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assumption is not plausible because a transaction of limit buy (sell) order is triggered 
by incoming market sell (buy) orders. Besides, although those models investigate the 
order strategy of uninformed traders, uninformed traders eventually only submit limit 
order in their equilibrium. Therefore, we refine those defects to be close to reality.  

 

If an uninformed buyer submits a limit buy order setting bP  as the buy price of the 
limit order at time 1 and the counterpart traders will come at time t , we can write the 
expected value of his utility: 

[ ] ( )[ ]( )( ) ( ) TUhTUhtUh

PR

TbTUhI
s
mTUhtUh vdIvfRPWvpkWuE bT

,,,1,,
lim

,
~~~exp1)( ∫ ∞−

−+−−= λ

( )[ ]( )( ) ( ) TUhTUhtUhTbTUhL
s
m vdLvfRPWvpk ,,,1,

~~~exp1∫
∞

∞−
−+−−+ λ

( )[ ]( )( ) ( ) TUhTUhtUhTbTUhUl
s
m vdUlvfRPWvpk ,,,1,

~~~exp1∫
∞

∞−
−+−−+ λ

( ) ( ) ( ) TUhTUhtUhT
s
m vdNvfRWk ,,,1

~~)exp(11 ∫
∞

∞−
−−−+ λ  

Figure 2. Counterparties and the related probability of uninformed traders’ order strategy 
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Therefore, an uninformed buyer placing limit buy order has possibility to improve 
his price to increase payoff (from liquidity sellers and the aggressive uninformed 
sellers) but confronts the adverse selection risks of public information (from liquidity 
sellers and the aggressive uninformed sellers) and of private information (from 
informed sellers), and the risk of non-execution (from limit order uninformed sellers). 
For an uninformed buyer, if his expected utility of placing limit order is higher than 
those of placing market order, he chose to submit limit orders. However, according to 
trading competition among uninformed buyers, the consistent behavior of submitting 
limit buy orders will lead to escalate the bid price bP  and reduce the expected utility 
of submitting limit orders. Ultimately, while uninformed buyers’ expected utility of 
limit buy order at time t  equals the one of market buy order at time 1 as 

( )[ ] ( )[ ]TUh
mkt
UhTUhtUh WuEWuE ,1,,

lim
, = , the trader is indifferent between trading via limit 

order and market order (Foucault, 1999; Handa and Schwartz, 1996). In the 
meanwhile, the equilibrium of buy side of uninformed traders is complete. For 
tractability, we assume that the condition probability density functions for uninformed 
buyers’ terminal wealth by submitting the market and limit order conditioning on 
counterparts are the same, except the expected execution time (time 1 for market 
order and time t  for limit order). Besides, we omit price adjustment to focus on 
stationary equilibrium. The equilibrium of buy side of uninformed traders is below 
equation which of left hand side is the expected utility of submitting market order and 
the right hand side is one of submitting limit order: 

( )[ ]( )( ) ( ) TUhTUhUhTaTUh vdvfRPWv ,,1,1,
~~~exp1∫

∞

∞−
−+−− λ  

( )[ ]( )( ) ( ) TUhTUhtUh

PR

TbTUhI
s
m vdvfRPWvpk bT

,,,1,
~~~exp1∫ ∞−

−+−−= λ

( )[ ]( )( ) ( ) TUhTUhtUhTbTUhL
s
m vdvfRPWvpk ,,,1,

~~~exp1∫
∞

∞−
−+−−+ λ

( )[ ]( )( ) ( ) TUhTUhtUhTbTUhUl
s
m vdvfRPWvpk ,,,1,

~~~exp1∫
∞

∞−
−+−−+ λ

( ) ( ) ( ) TUhTUhtUhT
s
m vdvfRWk ,,,1

~~)exp(11 ∫
∞

∞−
−−−+ λ             (1) 

Furthermore, we try to solve the equilibrium of buy side. Using Taylor expansion, 
the linear equilibrium of buy side can be summarized by the following approximation 

equation where AS
UhL  is the expected adverse selection cost of private information for 

uninformed buyers. Appendix A shows the proof. 
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where AS
UhL≤0  and t≤1 .                                            (2) 

In the linear equilibrium of buy side of uninformed traders, we find that for 
uninformed buyer the left hand side of (2) is the expected profits of the price 
improvement between limit order and market order, and in the right hand side the first 
term is the discounted expected adverse selection cost of private information, the 
second term is the discounted expected adverse selection cost of public information 
and the third term is the discounted expected opportunity cost of non-execution in 
submitting limit buy order. We conclude several points. Firstly, the price formation 
should generate enough profits to cover the three kind costs for the liquidity providers, 
i.e. the adverse selection risks of private information in Handa, Schwartz and Tiwari 
(2003) and public information in Foucault (1999) and the non-execution risk in Handa 
and Schwartz (1996). Secondly, we can find that the adverse selection cost of public 
information positively associated with the time horizon of execution. This is 
consistent the argument of Foucault, Kadan and Kandel (2005) that traders bear 
waiting costs that are proportional to the amount of time elapsed between their arrival 
and the completion of their transaction. Foucault (1999) suggests that uninformed 
traders face the risk of being picked off by the fluctuation of public information. Here, 
we suggest that longer waiting time of execution, the higher possibility of adverse 
public information arrival implied higher waiting costs. Thirdly, in perspective of 
risk-averse preference, the fundamental value is adjusted by the volatility of risky 
asset and the risk tolerance. 

Similarly, the equilibrium of sell side is the following approximate equation where 

AS
UlL is the expected adverse selection cost of private information for uninformed 

sellers.  
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2.3 Equilibrium of uninformed traders 

In order to obtain the equilibrium of uninformed traders, we solve the linear 
equilibrium equations of both side (2) and (3) contemporaneously, and can get the 
optimal bid and ask prices.  

Proposition 1: The order submission strategies of uninformed buyers and sellers form 
equilibrium of price quotation in the electronic limit order market: 
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The first part of the optimal bid price bP  is related to the asset valuations of the bid 
price users. The bid price bP , which is used by the two kinds of traders, the liquidity 
demanders as the submitters of market sell order and the liquidity providers as the 
submitters of limit buy order, reflects the reservation values of both kind users. For a 
risk-averse submitter of market sell order, the reservation value which should adjust 

for the asset volatility and the discount rate is ⎟
⎠
⎞

⎜
⎝
⎛ + 2

2
11

UlUl
TR

λσµ . However, for a 

risk-averse submitter of limit buy order, the reservation value which should be 
considered not only the asset volatility and the discount rate but also the expected loss 

of adverse selection is ⎟
⎠
⎞

⎜
⎝
⎛ −− AS

UhUhUh
T

Lt
R

2

2
11 σλµ . The two kinds users of the ask 

price aP , as the market buy order submitters and the limit sell order submitters, 
determine the optimal ask price. Besides, the coefficients of three factors of bid (ask) 
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which are composed of the arrival rate of market buy and sell orders determine the 
location of bP  ( aP ) between the reservation values of the both kind submitters.  

The last part of the optimal bid and ask price is related to the difference of the 
discounted loss of adverse selection of private information and public information 
among buyers and sellers. If buyers’ loss of adverse selection is larger (smaller) than 
sellers’ one, the bid and ask price simultaneously increase (decrease) induced to that 
the expected utilities of buyers decrease (increase) and ones of sellers increase 
(decrease) in submitting limit and market order. Since the limit order traders of both 
sides provide liquidity to the market, they ask compensation about facing the adverse 
selection risk, and than it results in that the ask nose up and the bid nose down. 
Accordingly, while the ask nose up to originate in the adverse selection risk of limit 
order sellers, the buyers are compelled to submit limit buy order to maximize their 
utilities, instead market buy order, accompanying that the bid price is further guided 
higher. Similarly, while the bid nose down to originate in the adverse selection risk of 
limit order buyers, the sellers are compelled to submit limit sell order to maximize 
their utilities, instead market sell order, accompanying that the ask price is further 
guided lower. Nevertheless, when the market simultaneously exist the buyers’ and 
sellers’ adverse selection problems, the direction of price quotation will be offset by 
the demand and supply of the liquidity from both sides. Based on the different degrees 
of the adverse selection risk of both side, if buyers believe that they face a higher 
degree of adverse selection risk than sellers, they would be to prefer submitting 
market buy order, even that seller escalate the ask price, to guide the ask price higher 
and advance to also guide the bid price higher. In contrast, if sellers believe that they 
face a higher degree of adverse selection risk than buyers, they would be to prefer 
submitting market sell order, even that buyer descend the bid price, to guide the bid 
price lower and advance to also guide the ask price lower. Consequently, while the 
traders of both sides compete to provide liquidity to the market, one side traders who 
face a lower degree of adverse selection risk have the advantage of price domination 
over the other side traders who face a higher degree of adverse selection risk, and then 
the advantageous side partly transfers their adverse selection costs to the 
disadvantageous side. 

 

2.4 Arrival rates of market order and changes of adverse selection costs of 
private information 

This sub-section provides a numerical example to illustrate the relationships between 
the arrival rates of market order and the adverse selection costs of private information. 
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According our inference, the adverse selection costs of private information are 
endogenously nonlinear-implicit functions of the arrival rates of market buy and sell 
order as below (Appendix A shows the proof): 
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Proposition 2: The expected adverse selection costs of private information recognized 
by uninformed traders are affected by the arrival rates of market buy (sell) order: 

1. The expected adverse selection costs of private information recognized by 
uninformed buyers (sellers) are negatively (positively) associated with the arrival 

rates of market buy order. ( 0<∂∂ b
m

AS
Uh kL and 0>∂∂ b

m
AS
Ul kL ) 

2. The expected adverse selection costs of private information recognized by 
uninformed buyers (sellers) are positively (negatively) associated with the arrival 

rates of market sell order. ( 0>∂∂ s
m

AS
Uh kL  and 0<∂∂ s

m
AS
Ul kL ) 

While the difference equation system does not permit the derivation of analytical 
results for the adverse selection costs in our model, we only present explicit numerical 
simulations using our model for the difference equation system. In all simulations, we 

assume that 013.0=Uhµ , 007.0=Ulµ , 005.0== UlUh σσ , 001.1=t , 2.0=p , 
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5.1=λ , 001.1=TR , and 01 =W .10 We wish to emphasize how the arrival rates of 
market order affect the adverse selection costs of private information. Indeed, we 
show for some realizations that the arrival rates of market buy/sell order 
simultaneously adjust the adverse selection costs of private information recognized by 
uninformed buyers and sellers. The qualitative features of the simulations were found 
to be robust to a wide parameter range. 

Figure 1 plots separately the adverse selection costs of private information for 
uninformed buyers and uninformed sellers while the arrival rate of market buy order 
varies given the arrival rate of market sell order as 0.5. The figure effectively presents 
the contrast between the variations of adverse selection costs of private information 
recognized by uninformed buyers and ones by uninformed sellers. Intuitively, when 
the arrival rate of market buy order increases, uninformed traders expect that a 
favorable fundamental value of private information arrives. Than, uninformed sellers 
would increase their adverse selection costs of private information to strengthen their 
defensive expectation and uninformed buyers would decrease their adverse selection 
costs of private information to release their defensive expectation. As can be seen 
from this figure, the uninformed sellers’ (buyers’) adverse selection cost of private 
information is positively (negatively) associated with the arrival rates of market buy 

order ( 0>∂∂ b
m

AS
Ul kL  and 0<∂∂ b

m
AS
Uh kL ). 

Similarly, Figure 4 presents the effect of the arrival rate of market sell order varying 
on the adverse selection costs of private information for uninformed buyers and 
uninformed sellers given the arrival rate of market buy order as 0.5. This figure again 
demonstrates the dramatic contrast between the variations of adverse selection costs 
of private information recognized by uninformed buyers and ones by uninformed 
sellers. Conversely, when the arrival rate of market sell order increases, uninformed 
traders expect that a unfavorable fundamental value of private information arrives. 
Hence, the uninformed buyers’ (sellers’) adverse selection cost of private information 
is positively (negatively) associated with the arrival rates of market sell order 

( 0>∂∂ s
m

AS
Uh kL  and 0<∂∂ s

m
AS
Ul kL ). 

                                                 
10 In order to obtain the linear equilibrium of our model, we apply the Taylor expansion and set up that 
the terminal wealth of each state is small. Hence, we assume that those key parameters are tiny in all 
simulations, yet the numerical results are still useful to explain the related relationships. Besides, we 
focus on the relationship between the arrival rates of market order and the adverse selection costs of 
private information, so we also assume that the reservation values of both sides are symmetric and the 
volatilities are the same.  
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Figure 3. Adverse selection costs of private information recognized by uninformed buyers and 

uninformed sellers shift as the arrival rate of market buy order varies given the arrival rate of market 

sell order as 0.5. 
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Figure 4. Adverse selection costs of private information recognized by uninformed buyers and 

uninformed sellers shift as the arrival rate of market sell order varies given the arrival rate of market 

buy order as 0.5. 
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2.5 Arrival rates of market order and changes of quote prices 

Previous studies have examined the relationship between the public information 
content of limit order book and the order strategy (see, Biasis et al, 1995; Ahn et al., 
2001; Al-Suhaibani and Kryzanowski, 2001; Ranaldo, 2004; Chan, 2005). In 
particular, the order strategy of informed traders must deeply impact the state of limit 
order book. Of course, the uninformed traders would encapsulate their posterior 
beliefs, state of limit order book and personal characteristics into the expected arrival 
rates of market and limit order and the expected utility to make their order decision.  

Here, we suggest that a higher arrival of market buy order, which implied that 
informed buyers submit market buy order, to trade represents favorable news coming 
resulting in that the price quotes increase. Similarly, a higher arrival of market sell 
order, which implied that informed sellers submit market sell order to trade, 
represents unfavorable news coming resulting in that the price quotes decrease.  

Proposition 3: Bid and Ask prices are affected by the arrival rates of market buy 
(sell) order:  
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mb kP  or ( ) 01 <−∂∂ b
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the bid price is negatively (positively) associated with the arrival rates of market 

(limit) sell order ( 0<∂∂ s
mb kP  or ( ) 01 >−∂∂ s

mb kP ). 
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4. when ( ) 01
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the ask price is negatively (positively) associated with the arrival rates of market 

(limit) sell order ( 0<∂∂ s
ma kP  or ( ) 01 >−∂∂ s

ma kP ). 

Appendix B shows the proof of Proposition 3. Intuitively, it is plausible to increase 
(decrease) the quote prices any time that the arrival rate of market buy (sell) order 

increases. According to 1 of Proposition 3, ⎥
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expected profit of uninformed sellers submitting limit sell order while the arrival rate 
of market buy order increasing.  

From 1 of Proposition 2, we know that the expected adverse selection costs of 
private information recognized by uninformed buyers (sellers) are negatively 
(positively) associated with the arrival rates of market buy order 

( 0<∂∂ b
m

AS
Uh kL and 0>∂∂ b

m
AS
Ul kL ) or positively (negatively) associated with the 

arrival rates of limit buy order ( 0>∂∂ b
l

AS
Uh kL and 0<∂∂ b

l
AS
Ul kL ), due to that 

uninformed traders view it as a favorable fundamental information arrival. Thus when 

0>∂∂ b
m

AS
Ul kL and 0<∂∂ b

m
AS
Uh kL , for uninformed sellers under the increasing arrival 

rate of market buy order, the decrement of the expected profit of submitting limit sell 
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1 ) plus the expected increment of the transferable adverse 
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( b
m

AS
Uh

b
m

T

kLk
R

∂∂−
1 )11. Hence, while the arrival rate of market buy order increases, if 

the expected profits of uninformed limit sellers are positive 
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will still stay in the market. However, if not, uninformed limit sellers will not supply 
the market with the liquidity of sell side and the market will fail. Therefore, as long as 
uninformed sellers recognize that they could still profit from submitting limit order, 
the increasing arrival rate of market buy order will escalate the ask price higher 

( 0>∂∂ b
ma kP ).  
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expected profit of uninformed sellers submitting market sell order while the arrival 
rate of market buy order increasing. For uninformed sellers under the increasing 
arrival rate of market buy order, the decrement of the expected profit of submitting 

market sell order ( ( )b
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have choice to trade by submitting the market sell order. Hence, as long as 
uninformed sellers recognize that they could still profit from submitting market order, 
the increasing arrival rate of market buy order will also escalate the bid price higher 

                                                 
11 In Proposition 1, we find that while the traders of both sides compete to provide liquidity to the 

market, one side traders partly transfers their adverse selection costs to the other side traders. Thus the 

quotes comprise a component related to the transferable adverse selection costs. 
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( 0>∂∂ b
mb kP ). 

From the second of Proposition 2, we know that the expected adverse selection costs 
of private information recognized by uninformed sellers (buyers) are negatively 

(positively) associated with the arrival rates of market sell order ( 0<∂∂ s
m

AS
Ul kL and 

0>∂∂ s
m
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Uh kL ), due to that uninformed traders view it as an unfavorable fundamental 

information arrival. Conversely, while the arrival rate of market sell order increases, if 
the expected profits of uninformed limit buyers are positive 
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uninformed buyers are willing to supply the market with the liquidity, thus the 
increasing arrival rate of market sell order will plummets the bid price lower 

( 0<∂∂ s
mb kP ). Besides, under the arrival rate of market sell order increasing, if the 

expected profits of uninformed market buyers are positive 
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willing to trade by submitting market buy orders and the increasing arrival rate of 

market sell order will plummet the bid price lower ( 0<∂∂ s
ma kP ). 

Essentially, Proposition 3 rules out the ranges of the market quotes that would yield 
nonpositive expected profits of submitting market and limit orders by uninformed 
buyers and sellers, respectively. Consequently, Proposition 3 provides the sketch of 
how the price formation of uninformed traders’ order strategy reflected on the 
variation of the arrival rate of market buy and sell order. It says that when uninformed 
sellers (buyers) can earn positive expected profits on an arrival rate of market buy 
(sell) orders of any size, then it is optimal to increase (decrease) the bid and ask to 
protect themselves. Intuitively, this is because uninformed sellers escalate (buyers 
plummet) the transaction price to compensate the increment of the adverse selection 
costs impact of increasing the arrival rate of market buy (sell) orders. 
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3. Order Strategy of Informed Traders 

In Proposition 3, the price formation of the market reflected on the variation of the 
arrival rate of market buy and sell order in the equilibrium of uninformed traders 
creates an additional risk for the informed trader to expose while submitting market 
orders to increase the expected arrival rate of market order recognized by uninformed 

traders ( 0>∂∂ b
ma kP  and 0<∂∂ s

mb kP ) and creates an additional opportunity to 

exploit as well as a non-execution risk to expose while submitting limit orders to 
increase the expected arrival rate of limit order recognized by uninformed traders 

( ( ) 01 <−∂∂ b
mb kP and ( ) 01 >−∂∂ s

ma kP ). We capture this feature of the informed 

trader’s order strategy. 

In this section, we focus on the order choice of informed trader between limit order 
and market order and derive the optimal proportion of market order and limit order. 
We suppress IB ( )IS  subscripts from the parameters associated with the informed 
buyer (seller). For tractability, we assume that the liquidation value IBv  ( ISv ) of a 
security x  which informed buyers (sellers) can observe is higher (lower) than the 
current ask (bid) as the market buy (sell) price. Similarly, we assume that informed 
traders have the identical initial wealth 1W  without risky components. We study the 
order decision in their portfolios which combine a riskfree bond and a risky asset. At 
time 1, informed traders also allocate 1W  into two assets: a bond, which pays a 
certain payoff 1≥TR  at time T , and a single risky asset x  that the informed trader 
observes the liquidation value realized at time T . For consistency, we assume a 
negative exponential utility function with constant absolute risk tolerance 
coefficient λ . Hence, an informed trader makes order strategy to maximize the 
expected utility of terminal wealth TW  at timeT . An informed buyer (seller) trades 

for one share of the asset at a specified price xP , the terminal wealth TIBW , ( TISW , ) 

given by TxIBTIB RPWvW )( 1, −+=  ( ISTxTIS vRPWW −+= )( 1, ). 

3.1 Proportion of market order and limit order 

In this sub-section, we derive a model of order-submission strategy of informed 
trader to solve the proportion decision of market order. Regarding to the inference 
about the price formation of uninformed traders affected by the variation of arrival 
rates of market buy/sell order, in perspective of informed traders, there is a trade-off 
distinction between market orders and limit orders: (1) market orders could increase 
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the arrival rate of market order to leak out partially fundamental information to the 
market resulting in that the changes of quote prices erode his profit, and (2) limit 
orders could decrease the arrival rate of market buy order to signal a wrong 
information to the market resulting in that the misconception creates an additional 
opportunity for the informed trader to exploit, but it exists non-execution risk. 
Uninformed traders recognize that a higher arrival rate of market buy (sell) order 
represents favorable (unfavorable) fundamental information, so it reflects on the price 
quotation. If informed buyers (sellers) submit buy (sell) market order, the increasing 
arrival rate of buy (sell) market order will increase (decrease) the bid and ask price 
formed by uninformed traders. If informed buyers submit limit buy (sell) order, a 
decreasing arrival rate of market buy (sell) order will decrease (increase) the bid and 
ask price formed by uninformed traders. Hence, an informed trader originally submits 
market order in order to immediacy, but this order behavior will shrink his profits by 
leaking out information. Otherwise, he is likely to submit limit order in order to 
enhance the profits by cheating the market, but the only disadvantage is 
non-execution risk.  

We analyze the order strategy of informed trader while informed trader observes that 
the liquidation value of a security IBv  ( ISv ) is above (below) the current ask (bid). 
Let α  ( β ) be the proportion of market buy (sell) order accompanying aP ( bP ) as 
the price of market buy (sell) order and α−1  ( β−1 ) be the proportion of limit order 
accompanying bP ( aP ) as the price of limit buy (sell) order. We assume that α  (β ) 
is a real value from the bounded interval [ ]1,0 . The informed trader’s objective 
function sorts into two pieces: the expected utility function for submitting limit order 
and the same function for submitting market order. Consistently, we assume that the 

expected arrival rate of market sell (buy) orders denoted by s
mk  ( b

mk ) intend to 

urgently sell and the arrival rate of limit sell (buy) orders denoted by s
mk−1  ( b

mk−1 ) 

intend to patiently sell (buy). Hence, the execution probability of limit buy (sell) order 

is s
mk  ( b

mk ) and one of market buy (sell) order is unity. In other words, if an informed 

buyer (seller) concurrently submits market and limit orders, the simultaneous 

execution probability of limit order and market order is s
mk  ( b

mk ) and the execution 

probability of only market order is s
mk−1  ( b

mk−1 ). The informed buyer (seller) 

maximizes his expected utility by choosing the optimal proportion of market order 
with certain liquidation, the objective function as below: 
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For informed buyers: 

( )[ ] ( )( )[ ][ ]{ }TabIB
s
mTIBIB RPPWvkWuEMax ααλ

α
−−−+−−= 1exp1: 1,1,  

( ) ( )[ ][ ]{ }TaIB
s
m RPWvk ααλ −+−−−+ 1exp11             (6.1) 

For informed sellers: 

( )[ ] ( )( )[ ][ ]{ }ISTba
b
mTISIS vRPPWkWuEMax −+−+−−= ββλ

β
1exp1: 1,1,  

( ) ( )[ ][ ]{ }ISTb
b
m vRPWk ββλ −+−−+ 1exp11              (6.2) 

We maximize the expected utility of informed trader in our framework and bring the 
optimal proportion of market order as shown in the below proposition. Appendix C 
shows the proof of Proposition 4. 

Proposition 4: The order submission strategy of informed traders forms an optimal 
proportion of market order in the electronic limit order market: 

For informed buyers:
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For informed sellers:
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)[ ∞∈ ,MBLowBoundvv IBIB  for completely submitting market buy order. 
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 as the lowest boundary for combined order 

strategy, the optimal proportion of market buy order: 
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Bound Condition for completely submitting market sell order: 
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][ ndMSUpperBouvv ISIs ,0∈⇒  for completely submitting market sell order. 

4. When T
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, the optimal proportion of market sell order: 
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,  for a combination of market and 

limit sell order. 

As a first step toward understanding the price formation process in an order-driven 
market, we have attempted to focus our attention on the uninformed traders’ order 
placement decision in a fairly structured environment and the changes of equilibrium 
quotes reflected on the variation of the arrival rate of market buy and sell order. We 
now proceed to characterize the informed traders’ optimal order strategy restricted by 
the price quotation behaviors of uninformed traders.  

Intuitively, the arrival rate of market buy (sell) order is positively associated with the 

informed trader’s proportion of market buy (sell) order ( 0>
∂
∂
α

b
mk

 and 0>
∂
∂
β

s
mk

) and 

the arrival rate of limit buy (sell) order is positively associated with the informed 

trader’s proportion of limit buy (sell) order (
( )
( ) 0
1
1

>
−∂
−∂
α

b
mk

 and 
( )
( ) 0
1
1

>
−∂
−∂
β

s
mk

). 

Besides, based on the result of Proposition 3, the ask and bid prices of uninformed 
traders are positively (negatively) associated with the arrival rates of market (limit) 

buy order ( 0>∂∂ b
ma kP , 0>∂∂ b

mb kP , 0)1( <−∂∂ b
ma kP  and ( ) 01 <−∂∂ b

mb kP ) 

and the ask and bid prices are positively (negatively) associated with the arrival rates 

of market buy (sell) order ( 0<∂∂ s
mb kP , 0<∂∂ s

ma kP ,  ( ) 01 >−∂∂ s
mb kP  and 

( ) 01 >−∂∂ s
ma kP ) . Hence, while informed trader trades shares via a market order, 

the trading way would partially leak out fundamental information to the market (for 

informed buyers: 0>
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). Conversely, while informed trader trades shares via a 

limit order, the trading way would signal a reverse fundamental information of 
informed trader to deceive the market  (for informed buyers: 
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Informed trader determines his optimal trading strategy in order to maximize his 
expected utility given his conjecture related to the price behaviors of the uninformed 
traders. The implication of his conjectures is that although the risk-averse informed 
trader wishes to exploit his rents by submitting market order immediately, he is also 
concerned with the risk of transaction prices at which uninformed traders will conduct, 
or although he wishes to cheat the market by submitting limit order in order to 
maximize his profit, he is also concerned with the risk of non-execution at which the 
market is without the arrival of market orders. As a result, to avoid bearing too much 
risk and to increase profit, the risk-averse informed trader trades substantially more 
strategic than a risk-neural one. 

The optimal proportion of market buy order for informed buyer is determined by the 

First Order Condition (F.O.C), ( )[ ] 0,1, =∂∂ αTIBIB WuE . The Proposition 4 

characterizes the optimal proportion of market order, where the “*” superscript 
designates an optimal value. According to 1 of the Proposition 4, informed buyer will 
submit complete market buy order ( 1=α ) in any time that the profit of market order 
is generally greater and equal than the expected profit of limit order 
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). In the equation (8.1A), we find that the 

Low Bound of market buy order ( MBLowBoundvIB ) is based on a reference price (as 

the future value of the price of market buy order T
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). As long 

as the liquidation value is higher than the reference price as the purchase cost of 
submitting market buy order, the expected profits of informed traders is positive but 
not maximum for sure. Hence, the informed buyer might consider the other trading 
way as limit buy order that could trade a lower purchase cost as the bid price to earn 
the profit of price improvement but burden a non-execution risk. For informed buyer, 
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the premium of price improvement is an opportunity loss of abandoning to submit 
limit buy order. If the expected profit of the difference between the liquidation value 
and the ask price sufficiently compensates the opportunity loss of limit buy order, 
informed buyer would submit a market buy order. If the expected profit of the 
difference insufficiently compensates the opportunity loss, informed buyer would be 
submit a combination of market and limit order to profit the price improvement. 
Hence, while the liquidation value IBv  is higher than the Low Bound of market buy 
order, informed buyer will fully submit market buy order. Furthermore, informed 
trader learns the price formation of uninformed traders. The bid and ask of 
uninformed traders in Proposition 1 could be substituted for the Low Bound of market 
buy order. In the equation (8.1B), we also find that the Low Bound of market buy 
order ( MBLowBoundvIB ) is based on a reference price (as the reservation value of 

uninformed buyer submitting limit buy order ⎟
⎠
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As we know, informed traders are not necessary to face the order choice inside the 
spread.12 Therefore, we suggest that the adjusted ask is the lowest boundary for that 
the informed buyer optimally chooses any combination of a market buy order and a 
limit buy order. In 2 of the Proposition 4, while the liquidation value equals to the 

adjusted ask ( T
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), the optimal proportion of market buy order is 

nonnegative ( 10 * << askα ). Finally, the combinations of market and limit buy order 

strategy are bounded in ⎟⎟
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. 

                                                 
12 In this study, we focus on the interaction of uninformed traders and informed traders through by the 
arrival rate of market order, so we ignore the opportunity of Chakravarty and Holden (1995)’ analysis 
that the informed trader exploits limit orders by submitting market orders when the terminal value is 
inside the spread. Intuitively, the presence of the liquidation values of a security observed by the 
informed traders inside the spread without the opportunity of Chakravarty and Holden (1995) doesn’t 
exist a order choice for informed traders, because the price of market buy (sell) order is above (below) 
the liquidation value resulting in that the informed traders only submit limit orders. Hence, we analyze 
the situation of existing order strategy where the liquidation value of a security observed by the 
informed traders is above (below) the current ask (bid). 
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Similarly, the optimal proportion of market sell order for informed seller is 

determined by the F.O.C., ( )[ ] 0,1, =∂∂ βTISIS WuE .  In 3 of the Proposition 4, 

informed seller will submit complete market buy order ( 1=β ) in any time that the 
profit of market order is generally greater and equal than the expected profit of limit 
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). For informed seller, the discount of price 

improvement is an opportunity loss of abandoning to submit limit sell order. If the 
expected profit of the difference between the bid price and the liquidation value 
sufficiently compensates the opportunity loss of limit sell order, informed buyer 
would submit a market buy order. If the expected profit of the difference insufficiently 
compensates the opportunity loss, informed seller would be submit a combination of 
market and limit order to profit the price improvement. 

Beside, the bid and ask of uninformed traders in Proposition 1 could be substituted 
for the Upper Bound of market sell order. In equation (8.2B), we also find that 

ndMSUpperBouvIS is based on a reference price (as the reservation value of 
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In 4 of the Proposition 4, while the liquidation value equals to the adjusted bid 
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), the optimal proportion of market sell order is nonnegative 
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( 10 * << bidβ ). Finally, the combinations of market and limit buy order strategy are 

bounded in ⎜
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3.2 Informed traders and the five subintervals of true value 

Proposition 5: The range of possible true values for informed traders is subdivided 
into five subintervals: 

(1). When )[ ∞∈ ,MBLowBoundvv IB , informed traders completely submit market buy 
order to trade. 

(2). When ⎟⎟
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combination of market and limit sell order to trade. 

(5). When ( ]ndMSUpperBouv ,0∈ , informed traders completely submit market sell 
order to trade. 

Proposition 5 provides sketch of the informed traders’ overall strategy and is 
illustrated in Figure 5. In the figure, the range of possible terminal values is 
subdivided into five subintervals. The first subinterval is at or above 
the MBLowBoundvIB and here the informed trader in buy side trades shares fully via 
market buy order. Similarly, the fifth subinterval is at or below 
the ndMSUpperBouvIS and here the informed trader in sell side trades shares fully via 
market sell order. The third subinterval is in the interval 
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submit limit order without order strategy.13  

The most interesting cases are the second and fourth subintervals when the 
liquidation of value is outside and around the bid and ask quotes. In these two 
subintervals, the informed trader may wish to submit a combination of market and 
limit order for maximizing their expected utility. The combination of orders enhances 
the profitability of informed trading by reducing the price adjustment of private 
information and obtaining the price improvement of limit order.  

This result of fully submitting market order in the first and fifth subinterval is 
consistent with the assumption of the informed traders in the models of Handa and 
Schwartz (1996), Glosten (1985) and Glosten and Milgrom (1985). In Handa and 
Schwartz (1996), there is no opportunity for price improvement and thus informed 
trading never takes a means of limit order in a dealer market. However, our primary 
finding is that a strategic informed buyer could be possible to choose a combination of 
market and limit order to magnify rents, while the liquidation value is outside and 
around the bid and ask quotes in the second and fourth subinterval, unlike in the 
assumption of a risk-neutral informed trader by Handa and Schwartz (1996). 
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4. Evolution of Liquidity 

In this study, we show the two stage of inference: the order strategy of uninformed 
traders and the order strategy of informed traders. In first stage, the limit order 
uninformed traders resemble the dealers in a quote-driven market in that they provide 
liquidity and immediacy to the market and encounter the problems of asymmetric 
information, so that their bid-ask spreads should generate enough return to cover the 
loss of adverse selection. However, uninformed liquidity providers are not market 
makers who are intermediaries under obligations to maintain the viability of a 
quote-driven market in buying from public sellers and selling to public buyers, but are 
investors who face the adverse selection risk and the non-execution risk to trade by 
maximizing the personal utility of the investment. For this reason, we focus the order 
strategy on the estimation of the expected utility of submitting limit and market orders 
of the risk-averse uninformed traders to indirectly infer the equilibrium of price 
quotation.  

Besides, uninformed traders could extract real-time information from the state of 
limit order book to conjecture the order aggressiveness of incoming market 
participants for their order strategy. In Proposition 3, we find that quote prices formed 
by uninformed traders are positively (negatively) associated with the arrival rates of 
market buy (sell) order while uninformed traders recognize that they might profit 
from trades via market and limit orders, namely the market is not a failure. The 
differentiation analysis of the stationary equilibrium of uninformed traders explicitly 
provides evidence that market could dynamically adjust quote prices to reflect its 
recognition of private information arrival. The evolution of liquidity of uninformed 
traders depends on the adjustment of quote prices to information. If expected profits 
of submitting limit order is higher (lower) than ones of submitting market order, 
uninformed are inclined to supply (demand) liquidity. Once bid and ask prices are 
sufficiently adjusted to the private information of market recognition, supply and 
demand of liquidity is close to static balance. 

In second stage, risk-averse informed traders face an active economic ecology where 
market participants could aggressively monitor the limit order book to extract partial 
fundamental information. While a market is inclined to monitor the order flow, the 
market order arrival of informed trader signals uninformed traders to partially leak out 
fundamental information to the market. According the results of Proposition 3, if 
informed buyer submits buy market order, the higher arrival rate of market buy order 
will increase the bid and ask price formed by uninformed traders to shrink his profit. 
Uninformed traders recognize that a higher arrival rate of market buy order represents 
favorable fundamental information, so it reflects on the price quotation. If informed 
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buyer submits a limit order, a higher arrival rate of buy limit order will not increase 
the bid and ask price formed by uninformed traders. Hence, an informed trader 
originally submits market order in order to immediacy, but this order behavior will 
shrink the size of his profits through leaking information out. Otherwise, he is likely 
to submit limit order in order to keep his profit without information delivery, but the 
only disadvantage is non-execution risk of limit order. We suggest that informed 
trader would consider this trading-off relationship to set up his optimal order strategy. 

In Proposition 4, while a market is inclined to monitor the order flow, informed 
trader should recognize the trading constraint that trading via market order exposures 
his position. Furthermore, informed trader can infer the distribution of risky asset 
recognized by uninformed traders, so the price formation of uninformed traders can 
be derived by him. While informed trader sets up his order strategy, he will 
incorporate the equilibrium prices of uninformed traders into his decision. Eventually, 
the order strategy of informed trader is classified into five regimes: (1) complete 
market buy order; (2) a combination of market and limit buy order; (3) a combination 
of limit buy and sell order; (4) a combination of market and limit sell order; (5) 
complete market sell order. Informed trader will choose his optimal strategy according 
that his liquidation value belongs which regimes. Specifically, the boundaries of three 
regimes are formed by the recognitions of the valuation, the non-execution risk and 
the adverse selection risk of uninformed traders and the expected arrival rates of 
market order related to state of limit order book. 

In trading beginning, risk-averse informed traders would like to maximize profit 
from their private information resulting in that rapidly consuming limit orders will 
lead quote prices formed by uninformed traders to converge quickly to full 
information levels. Hence, informed traders feast upon liquidity while the market 
price is farther away from true value (namely, the value of their information is 
high).Those situations are similar with that true value of informed traders is in regime 
(1) or (5) of Proposition 5. In trading later, informed traders consider supply liquidity 
when the market price is close to true value (namely, the value of their information is 
low), because submitting limit order could allow informed traders to hide his 
information or even to deceive the market and to obtain price improvement, but to 
expose to non-execution risk. Hence, they partially supply liquidity accompanying 
that quote price slowly move to true value. Those situations are similar with that true 
value of informed traders is in regime (2) or (4) of Proposition 5. The change in the 
behavior of the informed traders is in response to the dynamic adjustment of prices to 
information which the market set in according to state of limit order book. The 
evolution of liquidity of informed traders is that informed traders increasingly 
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providing liquidity in markets.  

Bloomfield, O’Hara and Saar (2005) use experimental asset markets to investigate 
the evolution of liquidity in order-driven market. Their main result is that liquidity 
provision shifts as trading progresses, with informed traders increasingly providing 
liquidity in markets. Anand, Chakravarty and Martell (2005) empirically examine the 
relative use of market versus limit orders by informed and uninformed traders early 
versus later in trading day using an assumption that institutions are informed traders 
while individuals are uninformed. Their main result is that informed traders tend to 
take liquidity earlier in the trading day while acting as liquidity suppliers later in the 
day. We find that the liquidity provisions of informed traders and uninformed traders 
changes interactively over time, and the key to the evolution of the two liquidity 
sources is stemming from private information diffusion of informed traders. Initially, 
risk-averse informed traders only consume liquidity to maximize profit from their 
private information. This argument is consistent with the finding of Anand, 
Chakravarty and Martell (2005) that informed initiating trades account for a higher 
cumulative price change in the first half of the day and informed traders use market 
orders early in the trading session. Notwithstanding uninformed traders are lacks of 
fundamental information, they could monitor the arrival rates of market and limit 
orders to conjecture the trading strategies of informed traders for true value of risky 
asset. Hence, prices move toward true values through monitoring activities of 
uninformed traders. Once the price is close to the true value, the risk-averse informed 
traders shift to submitting limit order to avoid exposure of their position 
accompanying non-execution risk. This evolution of informed traders’ liquidity could 
maximize the remaining profit of their private information. Beside, although 
uninformed traders understand that informed traders could submit limit order, they 
could not understand when informed traders supply liquidity. Hence, risk-averse 
uninformed traders are inclined to view that informed trader consistently submit 
market order to minimize suffering the loss of adverse selection from informed traders. 
Not only price movement navigated by but adverse selection risk faced by uninformed 
traders depends on the arrival rate of market orders. Consequently, the evolution of 
uninformed traders’ liquidity is associated with the fluctuation of arrival rates of 
market and limit orders. 

5. Conclusion 

In this study we modeled the evolution of liquidity in an electronic limit order 
market. Our particular focus has been on achieving tractability by relaxing restrictive 
assumptions about the behavior of informed traders to analyze how supply and 
demand of liquidity from informed and uninformed traders interactively evolve in a 
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market without exogenous liquidity providers. By the leakage of information through 
submitting market order and the hiding of trading position through submitting limit 
order, this model serves as a first attempt to model the integrated equilibrium of 
informed traders’ and uninformed traders’ order strategy. 

Our theoretical inference provides two important results. Firstly, the bid and ask are 
positively (negatively) associated with the expected arrival rates of market buy (sell) 
order which the market infers from state of limit order book. Secondly, the order 
strategy of informed trader is classified into five regimes: (1) complete market buy 
order; (2) a combination of market and limit buy order; (3) a combination of limit buy 
and sell order; (4) a combination of market and limit sell order; (5) complete market 
sell order. Informed trader will choose his optimal strategy according that his 
liquidation value belongs which regimes. The critical values of boundary where the 
five regimes of informed traders’ order strategy switch depend on the price 
improvement, the non-execution risk and the adverse selection risk of uninformed 
traders and the arrival rates of market and limit order of the market perceptions from 
the fluctuation of limit order book. Therefore, informed traders firstly demand 
liquidity while the market price is farther away from true value, and then supply 
liquidity when the market price is close to true value. Combining the two results, we 
suggest that he change in the behavior of the informed traders is in response to the 
dynamic adjustment of prices to information which the market set in according to 
state of limit order book. 

For evolution of informed traders’ liquidity, they just efficiently maximize the value 
of their private information. This reflects the ability of informed traders to know 
better the true value of the risky asset and to manipulate quote prices formed by 
uninformed traders, and so a source of profit for the informed is earning the bid-ask 
spread and the mispricing of uninformed traders via limit order. For evolution of 
uninformed traders’ liquidity, they incorporate the state of limit order book into the 
bid-ask spread to manage the related fluctuations of adverse selection risk and 
non-execution risk. This reflects the ability of uninformed traders to monitor limit 
order book and to adjust quote prices for balancing between adverse selection and 
non-execution risks and price improvement return. Hence, supply and demand of 
uninformed trader’s liquidity depends on the dynamic adjusted level of either quote 
prices to private information or adverse selection risk and non-execution risk 
recognized from limit order book. Those results show that evolution of informed and 
uninformed traders’ liquidity is navigated by private information diffusion. 
Consequently, policymakers should focus on market transparency, because adequate 
transparency of limit order book could efficiently diffuse information in the market to 
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appropriately reduce information asymmetry and generate sufficient profit of 
informed traders to collect private information resulting in that electronic structure is 
viable and robust to cope with extreme information asymmetry. 

  

Appendix: 

A. The linear equilibrium of the buy side: 
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are the normal probability density function of the risky asset value recognized by the 
uninformed buyer at time1 and t , respectively. Then, substituting into (1), we have: 
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( )[ ]( )T
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In the right hand side of the above equation, the first term represents the expected 
utility of trade execution without informed trading. The third term is the expected 
utility of non-execution. The expected utility losses of informed trading are the 
second term, because it is related to the probability of informed trading as Ip  and 
the negative sign represents the utility losses. For simplified the notation, we assume 
that the buyer’s expected utility losses of informed trading is: 
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The equilibrium of the buy side is derived in indifferent expected value of the 
uninformed buyers’ utility between trading via limit order and trading via market 
order. Thus we conclude that:  
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In order to transfer the above utility equation (A4) to be the linear equilibrium of the 
expected terminal wealth, we assume the restriction that the expected value of the 
terminal wealth at each state is very small and positive. According Taylor expansion, 
the approximate equation as below: 
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= ) which represents the expected losses of adverse selection 

remains the original non-linear format, because it is difficult to transfer to the 
approximate linear format. 

If (A5) divide by λ , we can obtain the linear expected terminal wealth equilibrium. 
Than, we rewrite (A5): 
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Likewise, we can derive the linear equilibrium of the sell side: 
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B. The proof of proposition 3: 

We try to analyze how bid and ask prices are affected by the arrival rates of market 
buy and sell order. For the arrival rate of market buy order, the relationship between 
price quotation and the arrival rates of market buy order is determined by the First 

Order Condition (F.O.C), b
ma kP ∂∂ and b

ma kP ∂∂ . Taking the derivative the quotes 

Eq. (6) and (7), we get the partial differential equations and assume it as positive: 
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, rearranging and substituting the ask price as 

Eq.(6), we obtain an economic implicate inequality: 
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Eq. (B2) multiplying by ( ) b
m

s
m

b
m kkk−1 , rearranging and substituting the bid price as 

Eq.(7), we obtain an inequality: 
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Similarly, for the arrival rate of market sell order, the relationship between price 
quotation and the arrival rates of market sell order is determined by the First Order 

Condition (F.O.C), s
ma kP ∂∂ and s

ma kP ∂∂ . Taking the derivative on the quotes Eq. 

(6) and (7), we get the partial differential equations and assume it as negative: 
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Eq. (B5) multiplying by ( ) s
m

s
m

b
m kkk−1 , rearranging and substituting the ask price as 

Eq.(6), we obtain an inequality: 
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Eq. (B6) multiplying by 
( )

b
m

s
m

b
m

k
kk−1

, rearranging and substituting the bid price as 

Eq.(7), we obtain an inequality: 
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C. The proof of proposition 4: 

We try to maximize the objective function of expected utility of informed buyers 
(6.1) by the proportion of market buy order α . 
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m RPWvk ααλ −+−−−+ 1exp11            (6.1) 

The optimal proportion of market buy order is determined by the First Order 

Condition (F.O.C), ( )[ ] α∂∂ TIBIB WuE ,1, . By Taylor expansion, we can get the 

approximate optimal proportion of market order:  
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Given that the approximate optimal proportion of market buy order equals unity, we 
can get the below equation: 
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Besides, we substitute aP  and bP  in equation (4) and (5) of quote prices formed by 
uninformed traders into (8.1A), and we can get the below equation: 

( ) ( )
⎭
⎬
⎫

⎩
⎨
⎧

∂
∂

∂
∂

+⎟
⎠
⎞

⎜
⎝
⎛ +−

−
+⎟

⎠
⎞

⎜
⎝
⎛ −−= T

b
m

b
m

aAS
UhUhs

m

AS
UhUhUhIB R

k
k
P

Lt
k

LtMBLowBoundv
α

σλσλµ 22 1
2
1

1
1

2
1

                                                               (8.1B) 

2260



 49

 If the liquidation value observed by informed buyer equals the adjusted ask 
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Similarly, we try to maximize the objective function of expected utility of informed 
sellers (6.2) by the proportion of market sell order β . 
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The optimal proportion of market sell order is determined by the First Order 

Condition (F.O.C), ( )[ ] β∂∂ TISIS WuE ,1, . By Taylor expansion, we can get the 

approximate optimal proportion of market order:  
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Given that the approximate optimal proportion of market sell order equals unity, we 
can get the below equation: 

[ ]ISTa
b
mIST

s
m

s
m

b
Tb vRPkvR

k
k
P

RP −=−⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

∂
∂

+
β

 

( ) T

s
m

s
m

b
bab

m

b
m

T

s
m

s
m

b
bIS R

k
k
P

PP
k

k
R

k
k
P

PndMSUpperBouv ⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

∂
∂

+−
−

−⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
∂
∂

∂
∂

+=
ββ 1

 (8.2A) 

2261



 50

Besides, we substitute aP  and bP  in equation (4) and (5) of quote prices formed by 
uninformed traders into (8.2A), and we can get the below equation: 
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If the liquidation value observed by informed seller equals the adjusted bid 
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Cao et al show that CBOE is informative prior to extreme informational events. We show 
that option volumes are informative even before prescheduled events such as earnings 
announcements. Based on a sample of US firms with option listings in 2004 to 2005, two 
patterns emerge. First, pre-announcement option volumes are significantly higher than option 
volumes in benchmark periods and such abnormal trading activities are concentrated in 
short-term out-of-money call and in-the-money put. Second, pre-announcements abnormal 
option volumes predict next-day excess returns of the underlying stock, where option 
characteristics (e.g. moneyness and expiry) matters for the aforementioned predictability.   
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1. Introduction  
 
We examine the information content of option trading for future changes in underlying stock 

prices before earnings announcements (EAs). This addresses a fundamental question of how 

information incorporated into prices. This is important for academics and practitioners 

because earnings announcement provide a vast amount of information about firm 

fundamentals regularly, given that earnings is arguably the most important item of a firm’s 

financial report.2  Cao, Chen and Griffin (2005) show that the CBOE options contribute to 

price discovery prior to extreme informational events like takeover. We show that option 

volumes are informative for stock prices days before earnings announcements. This is 

intriguing because earnings announcement is a prescheduled event which its timing is known 

to the public in advance, unlike the random shocks in most asset pricing models. If all option 

trading activities prior to speculation, option volume should not be informative for future 

stock prices.  

 

Based on a sample of US firms with option listings in 2004 to 2005, we find that pre-

announcement option volumes are significantly higher than average option volumes in 

benchmark periods and such abnormal trading activities are concentrated in short-term out-

of-money call and in-the-money put. Strikingly we find that the pre-announcement abnormal 

option volumes predict next-day excess returns of the underlying stock, where option 

characteristics (e.g. moneyness and expiry) matters for the aforementioned predictability.  

 

Prior studies establish that the volume of particular types of options contain information about 

future stock prices at regular market times. 3 Easley, O’Hara and Srinivas (1998) present 

negative and positive option volumes contain information about future stock prices. Pan and 

Poteshman (2006) also find the same results by constructed option trading volume measure 

(call-put ratios) at regular times. Unfortunately, none of them do their test around significant 

information events. The only exception is Cao, Chen and Griffin (2005). They find that, with 

                                                        
2 See Patel et al (1999) and references therein. 
3 Easley, O’Hara and Srinivas (1998), Pan and Poteshman (2006) and Schlag and Stoll (2005) and subsequent 
research studies.  
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pending extreme informational events such as merge announcements, the options market 

plays an important role in price discovery. Our findings are also related to a number of studies 

that examine stock option prices and trading volume in the time surrounding earnings 

announcements (Patell and Wolfson (1979, 1981) and Whaley and Cheung (1982)). Amin and 

Lee (1997) investigate abnormal trading volume in the option market around the 

announcement of earnings news, and provide evidence of directional information trading in 

the option market. Dubinsky and Johannes (2005) document the impact of earnings 

announcements on equity option volatility. They find that implied volatility increases before 

earnings announcements and decreases afterwards. Ni, Pan and Poteshman (2007) present that 

pre-scheduled earnings announcements are exogenous information events, and in the period 

leading up to earning announcements days option market makers face increasing 

informational asymmetry. So the level of informed trades and price discovery will probably 

increase for option trading immediately prior to earning announcements.  

 

The rest of the paper is organized as follows. In section 2 we develop the main empirical 

hypotheses. Section 3 describes data sources for this study. The main results of empirical 

tests are in Section 4. Conclude appear in Section 5. 

 

2. Hypothesis Development 
 

The first part of our empirical investigation examines whether there is abnormal option 

trading volume. In order to take advantage of their private information, informed traders 

could choose to trade either stocks or options. Black (1975) argues that informed investors 

may be attracted to option market by the high leverage achievable through options. Option 

markets offer higher leverage as compared to the stock market and the downside risk when 

trading options is often limited. Because of the different leverage and liquidity characteristics 

of options with the different strike price, it is necessary to generalize trading option with 

different strike prices. In another paper (Lee and Yi (2001)) finds that the adverse selection 

component of the bid-ask spread decreases with option delta, which suggests that options 
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with greater financial leverage attract more informed investors. 

Hypothesis 1: Prior to earning announcements, there is abnormal option trading volume.  

If some informed traders choose to trade in the options market, the option trades will carry 

more information than stock trades and option volume would be more informative. In general, 

long-term options are much less liquid than short-term options. More importantly, earning 

announcements as private information is often short-lived and quickly gets incorporated into 

stock prices soon after the announcements are made. Abnormal option trading volume prior 

to earning announcements, if it is informed, will be mainly concentrated in short-term 

options. These issues lead to the following hypothesis.  

Hypothesis 2: If pre-announcement abnormal option trading volume is informed then the 

abnormal trading volume is more likely to be concentrated in short-term options and pre-

announcement option trading volume has the predict power on the underlying stock price 

movements. 

It is an empirical question for options and stocks markets as to which market conduct more 

information and contribute more in price discovery. Due to the linkage between the option 

and stock market, if the option market is more informative than stock market during the 

preannouncement period and there are more informed trades, option trading volume should 

have the predict power on the underlying stock price movements. 

 
3. Data and Methodology 

This section describes data sources, sets out the criteria for selecting observations for the 

regressions specified in the previous section, and provides summary statistics for the 

variables that appear in the regressions. 

The data in this paper are drawn from a number of sources. Earning announcement data are 

obtained from IBES database. Volume data for option trading are obtained from 

OptionMetrics database. OptionMetrics provides daily trading volume for both calls and puts. 

Each option in our data set is identified by its underlying stock, as a put or call, and by its 

strike price and time to expiration. We match each underlying stock into OptionMetrics by 
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CUSIP numbers. Daily underlying stock prices and returns are from CRSP, which are used to 

compute the trading volume for options classified by maturities and moneyness for each 

option contract4.  

The sample period considered here is Jan, 2004 to Dec, 2005. The markets are particularly 

noteworthy during this period, and show a particular up trend. We begin our sample selection 

with the firms that top 100 listed equity options by volume. Our final sample consists of 118 

firms with 659 Earning Announcements during Jan, 2004 to Dec, 2005. 

 

4. Empirical Results 

 Summary statistics 

Our empirical analysis starts from examining whether there is abnormal option trading before 

earning announcement dates or not. Figure1 is the option trading volume for IBM from 

January 2004 to April 2006. We see immediately, there is run-up around the earning 

announcements. That is to say, there is abnormal trading volume around earning 

announcement dates of IBM options. Following the standard event methodology in the 

literature, I use the fixed mean to compute abnormal option trading volume. We denote date 

‘0’ as current earnings announcement date and previous EA_DATE as the last earnings 

announcement date for the firm in question. We further define (Previous EA_DATE, -21] as 

the benchmark period and [-20, -1] as preannouncement period respectively. Normal trading 

volume is then computed over the benchmark period by taking the time-series means of 

cross-sectional averages of trading volume. Daily abnormal trading volume is computed by 

subtracting the normal trading volume from the daily trading volume then divided by mean 

of daily normal trading volume. Abnormal trading volume for options with different 

maturities and moneyness are computed in a similar fashion. 

Table 1 reports the summary statistics of the option and underlying stock volume trades prior 

                                                        
4,We classify options with maturities less than 60 days as short-term options as in Cao et al. (2005). Options with 
maturities greater than 60 days are classified as long-term options. Option moneyness is defined as follows: call 
options are: in-the-money if strike price is less than 90 percent of the underlying stock price; at the money if 
strike price falls between 0.9*stock price and 1.1*stock price; out-of-the-money if strike price greater than 
1.1*stock price.  
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to earning announcements. For a given firm, we calculate the daily average of the variable 

over the benchmark and preannouncement periods. We then obtain the cross-sectional 

average of the variable across firms. 

The average daily call contracts increase by 48.56%, from 173 in the benchmark period to 

257 in the preannouncement period. There are 312 call contracts traded per firm per day on 

average in the benchmark period and 428 contracts in the preannouncement period, an 

increase of 37.18%. The increase of stock volume is 9.51%. Consistent with Cao et al. (2005), 

call options experience a larger increase in trading activity from the benchmark to the 

preannouncement period. All the numbers are statistically at 1 percent significance level. 

In Table 2, we examine preannouncement call and put volume changes across moneyness 

and maturity categories. To control for changes in the number of unique option contracts 

available in a given moneyness category, for this table, we define option volume to be the 

number of contracts traded divided by the total number of unique contracts available in the 

same option moneyness-maturity category. 

Several results are immediately observed. First option contracts with less than 2 months to 

expiry experience the largest increase in trading activities. Second the increase in short-term 

OTM, ATM, and ITM call volume is 64.58%, 19.27%, and 13.75%, respectively, while the 

corresponding increases in long-term call volume are 18.42%, 7.58%, and 30.26%. This is 

consistent with the notion that since informed trader’s private information is short-lived, they 

will choose to trade short-term options before their private information goes to public.  

Among short-term calls, the OTM options experience the greatest percentage increase in 

volume. Cao, Chen and Griffin (2005) present that short-term OTM calls are usually 

considered to be the most speculative and most risky financial instruments: they not only 

make it highly probable to lose 100% of the investment, but the potential loss can take place 

quickly. That is to say, within our earning announcements sample, this indeed seems to be the 

case: highly unusual trading in short-term OTM calls precedes earning announcements. 

Third short-term put volumes increase significantly whereas put volumes with greater than 

60 days to maturity experience little increase in volume. In addition the largest increase in 

trading volume occurs in ITM puts, followed by ATM puts. OTM puts experience the least 

increase in trading volume. This is consistent with Easley and O’Hara (1998) the notion that 
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if the private information of an informed trader is short-lived, she will choose to trade in 

larger volume and trade quickly before the information goes to public.  

 Forecasting Excess returns with abnormal volume during benchmark period and 

preannouncement period 

As detailed in previous section, our first empirical specification is designed to test whether 

there is abnormal option volume trading before earning announcement dates. In this section, 

we present empirical results from a panel regression analysis of the relation between 

abnormal option trading volume, abnormal underlying stock trading volume and underlying 

stock excess returns. Motivated to a large extent by the information based models of Glosten 

and Milgrom (1985), Easley and O’Hara (1987), and Easley, O’Hara and Srinivas (1998), we 

focus our investigation on the relation between abnormal option volume , abnormal 

underlying stock trading volume and the future stock excess returns. We propose the 

abnormal option trading volume , abnormal underlying stock trading volume and underlying 

stock excess returns are related since there is long line of research attests to the importance of 

earnings announcements as informational events in the equity option market. Dubinsky and 

Johannes (2005) find that firms with high option-implied estimates of earnings uncertainty 

subsequently have volatile stock returns on earning announcement dates. We examine the 

relation option volume, stock volume and the future stock excess returns in both the 

benchmark and preannouncement periods. The excess return is calculated using CRSP value-

weighted portfolio return by employing a MA(1) model. We regress the excess stock returns 

on lagged abnormal option volumes and lagged abnormal stock volumes. Our regression 

specification is as follows: 

0 1 2 3 4( 1) ( 1)it it it it it itr optabvol optabvol stkabvol stkabvolβ β β β β ε= + + − + + − +  (1) 

where itr  is daily excess return of firm i  in the trading day t, itoptabvol  is the contemporaneous 

abnormal option volume, ( 1)itoptabvol − , is the lag 1-day abnormal option volume, itstkabvol  

is the contemporaneous abnormal stock volume, ( 1)itstkabvol − , is the lag 1-day abnormal 

stock volume. Our panel regression involves 118 cross-sectional firms span form Jan 2004 to 

Dec 2005. We use panel regression instead of time-series regression is mainly because time 
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series observations of current and lagged variables are likely to be highly collinear (e.g. 

Griliches (1967)). And fixed effect is applied in the regressions. With panel data, we can rely 

on the inter-individual differences to reduce the collinearity between current and lag variables 

to estimate unrestricted time-adjustment patterns (e.g. Pakes and Griliches (1984)). Hausman 

test reveal a significant fixed effects. 

Table 3 shows that both in the Benchmark period and preannouncement period 

contemporaneous abnormal option and stock volume are significantly, call option volume are 

positively related to next-day returns and put are positively. But lagged option and stock 

volume are not. During the preannouncement period, however, the relation changes. Both 

lagged stock and call option are significantly predicting next-day returns. Lagged put are not 

significant in predicting next-stock returns. In sum, while stock volume seem to contain 

information about next-day’s price movements prior to earning announcements, call option 

play a special additional information role about future price movements prior to earning 

announcements.   

One question is does option characteristics affect predicting power. To investigate this 

question, we analyze regressions similar to those shown in table3. Table 4 reports the 

regressions of next-day returns during Benchmark period using option characteristics while 

Table 5 shows the regressions during preannouncement period. From these two tables, we can 

see that in the normal period, most of the lagged option and stock volume regression results 

across moneyness-maturity categories are not significant except several groups. During the 

preannouncement period, however, the results are changed. The coefficients of calls are 

apparently larger than that of puts. Lagged short-term at-the-money (ATM) call and long-term 

call abnormal volumes, regardless of moneyness, are significant to predict next-day stock 

returns. This finding indicates particular options abnormal volumes prior to earning 

announcements are informative. This would occur, for example, if investors with positive 

directional information about an underlying stock buy calls and the stock price subsequently 

increases. This is consistent with Easley and O’Hara (1998) the notion that if the private 

information of an informed trader is short-lived, she will choose to trade in larger volume and 

trade quickly before the information goes to public. As a sum, while call option trading 
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abnormal volume seem to contain information about the next-day’s price movements during 

normal periods and prior to earning announcements, short-term ATM options plays a special 

additional information role about future price movements prior to earning announcements. 

 

5. Conclusion 

In this paper, we examine the information content of option volume prior to earning 

announcements. We document that abnormal option trading activities before earning 

announcements. More importantly, these abnormal trading activities in the option markets 

contain private information about the underlying stock and its earnings. Particular option 

volumes around earning announcements lead stock price changes and this result is consistent 

with Easley et al. (1998) that option market is a venue for information-based trading. 

Informed traders do trade options to capitalize on their private information and their private 

information gets revealed through option trading. Use a Panel regression model, we show 

that option trading volumes predict underlying stock price movement. In particular we find 

that such information revelation is mainly achieved through short-term and ATM put options.
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Figure 1: Option trading volume for IBM from January 2004 to April 2006 scaled by call put. The circles 
represent days on which earnings announcements were released. 
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Table1: Summary statistics of Volume for Options and Stocks 
 

This table reports the cross-sectional averages of the daily option call and put volume and underlying stock volume. 
Summary statistics are reported for the benchmark period (Previous EA_DATE, -21] and preannouncement period 
[-20, -1]. The sample contains 118 firms and 659 earning announcements from January 2004 through April 2006. 
The null hypothesis of no difference in means between the benchmark and preannouncement period is tested by 
using the t-test. All tests are based on percentage changes. ***, ** and * represent 1%, 5% and 10% significant 
level respectively.  

 
 
Variable  (Previous EA_DATE, -21] [-20, -1] Change Change% 

Call  
No. of contracts  173 257 84   48.56*** 

Put  
No. of contracts  312 428 116    37.18*** 

Stocks 
Volume(in 
10000 shares)  1094 1198 104    9.51*** 
No. of Obs  20,970 10,190   
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Table2: Call and Put Volume across Moneyness-Maturity Categories 
 

For each moneyness-maturity category, this table presents the cross-sectional averages of daily volume for calls 
and puts in the benchmark period (Previous EA_DATE, -21] and preannouncement period [-20, -1]. OTM, ATM 
and ITM denote out-of-the-money, at-the-money, and in-the-money options, respectively. The null hypothesis of no 
difference in means between the benchmark and preannouncement period is tested by using the t-test. All tests are 
based on percentage changes. ***, ** and * represent 1%, 5% and 10% significant level respectively.  

 
   
  Days to Expiration <= 60 Days Days to Expiration > 60 Days 

Moenyness  
(Previous EA_DATE, 

 -21] [-20, -1] %Change
(Previous EA_DATE, 

 -21] [-20, -1] %Change
Call Options 

OTM  96 158 64.58*** 114 135 18.42*** 
ATM  1448 1727 19.27*** 396 426 7.58*** 
ITM  80 91 13.75*** 76 99 30.26*** 

Put Options 
OTM  45 49 8.89*** 31 32 3.22 
ATM  978 1102 12.68*** 278 321 15.47*** 
ITM  69 101 46.38*** 99 100 1.01 
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Table 3: Panel Regressions of Next-Day Excess Returns  

 
The following tables report the regression results of predicting excess underlying stock return with the abnormal 
option trading volume for each call-put categories. The regression specification is as follows: 

0 1 2 3 4( 1) ( 1)it it it it it itr optabvol optabvol stkabvol stkabvolβ β β β β ε= + + − + + − +  
where rit is daily excess return of firm i in the trading day t, abvolit is the contemporaneous abnormal option 
volume, abvol(-1)it is the lag one-day abnormal option volume. stkabvolit is the contemporaneous underlying 
stock abnormal volume, stkabvol(-1)it is the lag one-day stock abnormal volume. All coefficient estimates are in 
unit of 10-3. t-values are presented in parentheses. ***, ** and * represent 1%, 5% and 10% significant level 
respectively. 

 
CALL 

 Benchmark Period Prior to Earnings Announcement 
 (1) (2) (1) (2) 
ABVOL(-1) -0.17 -0.25 -0.10 -0.41* 
 (-1.11) (-1.59) (-0.47) (-1.85) 
STKABVOL(-1) -0.45 -0.39 -0.04 1.40*** 
 (-1.21) (-1.00) (-0.08) (2.71) 
ABVOL - 1.69*** - 1.45*** 
 - (10.97) - (6.44) 
STKABVOL - -1.58*** - -4.15*** 
 - (-4.14) - (-7.36) 
R2 0.0008 0.0067 0.0037 0.0192 
F-Stat 1.72* 11.49*** 1.66* 7.25*** 

PUT 
 Benchmark Period Prior to Earnings Announcement 
 (1) (2) (1) (2) 
ABVOL(-1) -0.09 0.03 -0.11 0.09 
 (-0.45) (0.15) (-0.49) (0.39) 
STKABVOL(-1) -0.55 -0.57 -0.09 0.92* 
 (-1.47) (-1.45) (-0.18) (1.74) 
ABVOL - -1.20*** - -0.37* 
 - (-6.18) - (-1.80) 
STKABVOL - 0.78** - -2.50*** 
 - (1.98) - (-4.38) 
R2 0.0007 0.0025 0.0026 0.0100 
F-Stat 1.36 4.34*** 1.18 3.75*** 
N 20,675 20,675 9,885 9,885 
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Table 4: Predicting Next-Day Excess Returns during the Benchmark Period Using Option Characteristics 
The following tables report the regression results of predicting excess underlying stock return with the abnormal option trading volume during 
the benchmark period for each call/put-moneyness-maturity categories. The regression specification is as follows:  

0 1 2 3 4( 1) ( 1)it it it it it itr optabvol optabvol stkabvol stkabvolβ β β β β ε= + + − + + − +  
where rit is daily excess return of firm i in the trading day t, abvolit is the contemporaneous abnormal option volume, abvol(-1)it is the lag one-
day abnormal option volume. sktabvolit is the contemporaneous underlying stock abnormal volume, stkabvol(-1)it is the lag one-day stock 
abnormal volume. All coefficient estimates are in unit of 10-3. t-values are presented in parentheses. ***, ** and * represent 1%, 5% and 10% 
significant level respectively. 

Panel A: CALL 
 ST LT 
 ATM ITM OTM ATM ITM OTM 
 (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) 
ABVOL(-1) 0.24 -0.03 0.01 0.00 0.10 0.14* -0.02 -0.31* -0.03 -0.05 0.02 0.03 
 (1.39) (-0.15) (0.12) (-0.01) (1.18) (1.72) (-0.09) (-1.79) (-0.27) (-0.50) (0.11) (0.17) 
STKABVOL(-1) 0.00 -0.64 0.33 -0.52 -0.69 0.73 0.27 -0.63 0.28 -0.53 -0.38 0.93* 

 (0.00) (-1.40) (0.78) (-1.14) (-1.47) (1.48) (0.63) (-1.41) (0.67) (-1.20) (-0.84) (1.93) 
ABVOL - 2.16*** - 0.48*** - -0.40*** - 2.63*** - 0.53*** - 0.21 
 - (12.63) - (6.69) - (-4.70) - (15.03) - (5.71) - (1.38) 
STKABVOL - 0.40 - 1.80*** - -3.36*** - 0.23 - 1.77*** - -3.66*** 
 - (0.89) - (4.14) - (-7.40) - (0.53) - (4.15) - (-8.14) 
R2 0.0003 0.0153 0.0001 0.0059 0.0013 0.0083 0.0004 0.0202 0.0006 0.0052 0.0011 0.0061 
F-Stat 0.37 16.48*** 0.18 6.29*** 1.72* 8.93*** 0.49 22.32*** 0.76 5.75*** 1.51 6.81*** 
N 12,828 12,828 12,855 12,855 12,820 12,820 13,053 13,053 13,273 13,273 13,294 13,294 

Panel B: PUT 
 ST LT 
 ATM ITM OTM ATM ITM OTM 
 (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) 
ABVOL(-1) 0.06 0.23 0.11 0.09 0.11 0.22** 0.25* 0.29** -0.08 -0.09 -0.05 0.01 
 (0.36) (1.39) (1.50) (1.23) (1.19) (2.34) (1.75) (2.06) (-0.67) (-0.84) (-0.44) (0.05) 
STKABVOL(-1) 0.11 -0.99** 0.22 -0.62 -0.70 0.66 0.08 -0.80* 0.35 -0.47 -0.35 1.00 
 (-0.25) (-2.16) (0.53) (-1.36) (0.47) (1.33) (0.19) (-1.81) (0.83) (0.44) (-0.79) (2.09) 
ABVOL - -1.88*** - 0.12* - -1.09*** - -1.01*** - 0.01 - -0.75*** 
 - (-11.50) - (1.66) - (-11.54) - (-7.12) - (0.12) - (-6.79) 
STKABVOL - 4.23*** - 2.19*** - -2.76*** - 3.27*** - 2.29*** - -3.00*** 
 - (9.56) - (0.43) - (-6.11) - (7.69) - (5.31) - (-6.73) 
R2 0.0007 0.0138 0.0003 0.0028 0.0016 0.0174 0.0011 0.0078 0.0010 0.0032 0.0009 0.0094 
F-Stat 0.96 14.84*** 0.39 2.95*** 2.08** 18.86*** 1.46 8.50*** 1.28 3.57 1.24 10.42*** 
N 12,827 12,826 12,835 12,834 12,860 12,860 13,053 13,053 13,278 13,278 13,289 13,289 
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Table 5: Predicting Next-Day Excess Returns Prior to Earnings Announcement Using Option Characteristics 
The following tables report the regression results of predicting excess underlying stock return with the abnormal option trading volume within 
20 days to announcement day for each call/put-moneyness-maturity categories. The regression specification is as follows:  

0 1 2 3 4( 1) ( 1)it it it it it itr optabvol optabvol stkabvol stkabvolβ β β β β ε= + + − + + − +  
where rit is daily excess return of firm i in the trading day t, abvolit is the contemporaneous abnormal option volume, abvol(-1)it is the lag one-
day abnormal option volume. Stkabvolit is the contemporaneous underlying stock abnormal volume, stkabvol(-1)it is the lag one-day stock 
abnormal volume. t-values are presented in parentheses. ***, ** and * represent 1%, 5% and 10% significant level respectively. 

Panel A: CALL 
 ST LT 
 ATM ITM OTM ATM ITM OTM 
 (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) 
ABVOL(-1) 0.16* 0.27*** 0.00 0.00 0.00 0.02 0.27* 0.40*** -0.08* -0.09** 0.35*** 0.56*** 
 (1.75) (2.88) (-0.32) (-0.32) (0.44) (1.64) (1.75) (2.59) (-1.86) (-1.96) (2.87) (4.52) 
STKABVOL(-1) -1.33*** -3.08*** -1.11*** -2.77*** -1.38*** -3.35*** -1.43*** -3.12*** -1.12*** -2.74*** -1.48*** -3.09*** 
 (-3.60) (-7.95) (-3.24) (-7.45) (-3.63) (-8.48) (-3.82) (-7.91) (-3.28) (-7.32) (-4.04) (-8.07) 
ABVOL - -0.41*** - 0.03** - -0.10*** - -0.42*** - 0.12** - -0.84*** 
 - (-4.43) - (2.23) - (-10.25) - (-2.84) - (2.28) - (-6.93) 
STKABVOL - 4.89*** - 4.54*** - 5.95*** - 4.76*** - 4.41*** - 5.17*** 
 - (13.30) - (12.82) - (15.87) - (12.78) - (12.39) - (14.24) 
R2 0.0042 0.0305 0.0034 0.0289 0.0038 0.0457 0.0046 0.0287 0.0042 0.0282 0.0062 0.0365 
F-Stat 2.79*** 17.16*** 2.23** 16.34*** 2.50*** 26.35*** 3.13*** 16.48*** 2.87*** 16.47*** 4.27*** 21.58*** 
N 6,636 6,625 6,684 6,672 6,703 6,692 6,785 6,774 6,904 6,893 6,928 6,917 

Panel B: PUT 
 ST LT 
 ATM ITM OTM ATM ITM OTM 
 (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) (1) (2) 
ABVOL(-1) 0.36** 0.77*** 0.00 0.00 0.01 0.01 0.11 0.19** 0.01 0.00 0.01 0.08 
 (2.26) (4.83) (0.38) (0.29) (1.09) (1.45) (1.35) (2.29) (0.17) (0.05) (0.17) (1.23) 
STKABVOL(-1) -1.45*** -3.29*** -1.16*** -2.80*** -1.22*** -2.75*** -1.30*** -2.88*** -1.25*** -2.83*** -1.38*** -3.10*** 
 (-3.90) (-8.62) (-3.28) (-7.51) (-3.42) (-7.20) (-3.64) (-7.72) (-3.51) (-7.58) (-3.71) (-8.11) 
ABVOL - -2.14*** - 0.01 - 0.00 - -0.62*** - -0.09 - -0.71*** 
 - (-14.82) - (0.65) - (-0.56) - (-7.37) - (-1.60) - (-12.49) 
STKABVOL - 6.10*** - 4.57*** - 4.50*** - 4.82*** - 4.57*** - 5.76*** 
 - (16.82) - (12.90) - (12.66) - (13.62) - (12.90) - (15.88) 
R2 0.0050 0.0609 0.0035 0.0284 0.0040 0.0276 0.0038 0.0347 0.0041 0.0278 0.0049 0.0505 
F-Stat 3.27 35.26*** 2.34*** 15.99*** 2.68*** 15.65*** 2.58*** 20.03*** 2.79*** 16.24*** 3.39*** 30.22*** 
N 6,618 6,607 6,665 6,653 6,706 6,695 6,785 6,774 6,920 6,909 6,912 6,901 
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1 Introduction

In this study we attempt to predict the outcome of a proposed M&A using the
market reaction to the merger announcement and the opinion divergence around
the reaction as predictors. Being able to predict if a deal is going to be completed or
withdrawn is relevant for investors and particularly for merger arbitrageurs as their
returns are dependent on deal completion.

The takeover literature presents arguments and empirical evidence for a possi-
ble relationship between deal completion and market reaction. For example, Kau,
Linck, and Rubin (2006) argue that unless managers have an incentive to decide
against firm value maximization or have relevant inside information, they will re-
spond to the market reaction to a merger announcement. Chen, Goldstein, and
Jiang (2007) note that managers learn private information from prices, such as the
demand for new products, and that they incorporate this in their investment de-
cisions. Luo (2005) argues that market participants can be better positioned than
managers to analyse the international, macroeconomic and industry issues relevant
to a merger deal. The results presented by these various authors support the idea
of managers extracting information from the market reaction and considering it in
their investment decisions.

We go further here. We argue that managers might have a different sensitiv-
ity to the market reaction, depending on the level of consensus in the market. If
the reaction is positive, an increase in consensus might raise the likelihood of deal
completion. If the reaction is negative, an increase in consensus might decrease the
likelihood of deal completion. This outcome would accord with humans’ tendency
toward conformity and to follow the crowd in disregard of their own judgment, as
explained by Doukas, Kim, and Pantzalis (2006). By considering interaction terms
between the market reaction and changes in investors’ opinion divergence (measured
as turnover, volatility, relative spread or order imbalance), we try to improve the
predictive models ability to forecast deal completion.1

The results show that changes in opinion divergence associated with the acquirer
as a response to a merger announcement, modify (in the hypothesized direction) the
relationship between market reaction (i.e., acquirer CAR around the announcement)
and deal completion.

2 Background and Motivation

The returns generated by merger arbitrage are generally dependent on deal com-
pletion. If the merger fails, merger arbitrageurs usually incur a loss. Consequently,
arbitrageurs estimate the probability of deal termination and take this into account
when deciding whether or not to take positions in a deal.

Even though aggregate market conditions can occasionally cause mergers to fail,
merger failure is typically idiosyncratic (Weston, Mitchell, and Mulherin, 2003).
There are several variables that can influence the likelihood of deal termination,

1In the present study, we use the term consensus or the term divergence of opinion to refer
to the level of general agreement among investors regarding the value of the target or acquirer’s
stock, given the announced merger. A high level of consensus implies a high level of agreement,
and is equivalent to a low level of opinion divergence. Conversely, a low level of consensus implies
a low level of agreement, and is equivalent to a high level of opinion divergence.
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such as form of payment, attitude towards the deal or antitrust considerations. Can
the market response to the merger announcement also help predict this likelihood?
Why would that be the case? It could be, for example, that the managers involved in
the deal take the market reaction to the announcement into account in determining
whether or not to go ahead with the deal.

What has the prior literature found about the relationship between the stock
market behaviour, including the market reaction to merger announcements, and
subsequent investment? Do managers take the market reaction into account in their
decisions? Does opinion divergence matter? What do we expect the market reaction
to be? We take up these various questions in the sections that follow.

2.1 Investment and Market Reaction

Morck, Shleifer, and Vishny (1990) present four possible explanations for the cor-
relation between stock returns and subsequent investment. The first is that the
econometrician doesn’t know everything that the manager does, so the variation in
investment can not be accounted for using only the variables known to the manager.2

The second is that stock prices convey information useful in making investment de-
cisions. The third is that stock prices affect financing decisions such as the issuance
of new securities, and this has an influence on investment. Finally, the fourth is
that the stock market exerts pressure on managers, who for fear of being fired or
taken over, might change their investment decisions. While the first hypothesis im-
plies that managers do not take the stock market into account in their investment
decisions, the other three imply that they do. Morck et al. (1990) perform tests
using annual data from 1959 to 1987 and find that the market may exert pressure
on managers or even inform them, but that it is not a dominant force in explaining
investment.

Jennings and Mazzeo (1991) argue that whether managers learn from security
price movements and react to them in takeover decisions, depends on their assess-
ment of the accuracy of the information set held by the market. These authors
analyze a sample of 188 acquisitions between 1979 and 1987. Even though they find
that a large positive market reaction at the announcement is less likely to be asso-
ciated with a bidder-cancelled offer, overall the data do not provide strong evidence
supporting the hypothesis that managers find equity price movements informative.
This accords with Roll (1986) who argues that bidders might convince themselves
that their valuations are correct and that the market does not reflect the full eco-
nomic value of the combined firm.

Blanchard, Rhee, and Summers (1993) use aggregate time series from 1900 to
1990 to examine whether managers take the stock market into account, even if it
differs from their assessment of the fundamentals of the investment decision. They
conclude that the market appears to matter but that it plays a limited role.

Dow and Gorton (1997) argue that the market can have information that the
manager does not already have, so the stock price can be of value in making in-
vestment decisions. “If the price goes down, the manager is less likely to invest;
if the price goes up, he is more likely to invest” (Dow and Gorton, 1997, p.1089).

2The econometrician uses stock returns as a explanatory variable, which in turn are correlated
with the variables that the manager really took into account when deciding on the investment, but
that are unknown to the econometrician.
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Similarly, Dye and Sridhar (2002) maintain that one of the reasons why informa-
tion flows from capital markets to firms should be expected to occur is that capital
market participants specialize in estimating the valuation implications of firms’ deci-
sions. “So capital market prices, at least occasionally, should be expected to contain
information not otherwise known to managers” (Dye and Sridhar, 2002, p.389).

Baker, Stein, and Wurgler (2003) claim that stock prices have a stronger impact
on the investment of firms that need external equity to finance marginal investments.
For example, firms will be less likely to proceed in takeover bids if they have to issue
undervalued shares. Using a panel of firms that covers 1980 through 1999 (average
of 2,605 observations per year), they find support for this hypothesis. Shleifer and
Vishny (2003) also discuss the benefit of having highly valued equity for making
acquisitions with stock. It follows that if managers of acquiring firms are taking
advantage of overpriced equity in a scrip-based bid, they might withdraw if the
market reaction to the announcement is negative enough to eliminate the benefit of
overvaluation.

More recently Luo (2005), using a sample of 2,144 US M&As announced between
1990 and 1999, finds that the market reaction to the announcement predicts whether
the companies later consummate the deal, and that this cannot be explained by the
market’s anticipation of the decision to complete the deal or the market’s perception
of the deal quality at the announcement. Managers of merging companies appear
to extract information from the reaction and consider it when deciding whether
or not to complete the deal. Luo (2005) argues that market participants can be
better positioned than managers and their advisors to analyse the international,
macroeconomic and industry issues that are relevant to the deal and may detect
errors and omissions. Luo (2005) also claims that managers make their decision to
learn from the market based on cost-benefit analysis, so they are more likely to learn
when cancelling the deal is easier (e.g. no pre-announcement agreements), or when
the market has more information that the companies do not know (e.g. small- or
mid-cap firms, or non high-tech industries).

Kau et al. (2006) study 4,228 US M&As and acquisitions announced from Jan-
uary 1990 through December 2003 and find that, on average, managers are more
likely to cancel major corporate investments when the market reacts unfavorably to
the announcement. “Managers can observe how markets react to their decisions in
order to gain a better understanding of whether the market views their announced
investments as value-enhancing or value-reducing” (Kau et al., 2006, p.2). After
all, as Kau et al. (2006) note, one of the benefits of going public is the information
signals from public markets that are available to managers. In addition a corpora-
tion’s stock value is not only a piece of information, but it is also the company’s
residual claimants’ objective. Thus, managers might respond to the market because
it is in the interest of the owners of the company for them to do so. However, al-
though owners might want managers to respond to markets, managers might have
different interests and an incentive to decide against firm value maximization. Man-
agers might also ignore the market if they have relevant inside information that if
known to the market, would change the market’s assessment. The authors also find
that managers’ propensity to listen is related to agency costs: firms listen more
when more of their shares are held by large blockholders and when their CEOs have
higher pay-performance sensitivities.

Using a panel of 7,268 firms from 1981 to 2001, Chen et al. (2007) study the
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sensitivity of corporate investment to stock price movements and their results are
“consistent with the hypothesis that some private information in price is new to
managers and that managers learn it from the price and incorporate it in their
investment decisions” (Chen et al., 2007, p.647). They note that this new informa-
tion is more likely to relate to issues outside the firm, such as the demand for new
products or competition with other firms, and less likely related to internal issues
(e.g., the technology used by the firm), because the manager is expected to have an
informational advantage.

This private information new to managers is referred to as serendipitous informa-
tion by Subrahmanyam and Titman (1999), because investors may, by chance, come
across it in their day-to-day activities without costly effort. As Subrahmanyam and
Titman (1999) and Dow and Rahi (2003) explain, this information, although perti-
nent to firms’ investment policies, is likely to be noisy; an individual investor may
have only a small piece of the information beyond what managers already know.
However, when aggregated across many investors, it can provide a substantial and
useful signal not otherwise available to managers. “A fundamental role of financial
markets is to gather information on firms’ investment opportunities, and so help
guide investment decisions” (Dow, Goldstein, and Guembel, 2007, p.1).

Paul (2007) studies a sample of 124 bidders that experience large declines in
share value around announcement of acquisition bids from 1982 to 1996. She notes
that the information contained in the stock price reaction around the announcement
may either reflect or dominate the information available to the board and that the
market reaction provides the board with direct feedback regarding the perceived
quality of the bid. The author tests whether board composition influences corpo-
rate responses to market disagreement with managerial actions, in particular the
corporate decision to complete or not complete a value-decreasing bid. She finds
that board independence is negatively related to the likelihood of completing bad
bids.

If managers learn from market reactions to bid announcements, is it possible that
the learning is not limited just to bids in progress? Ahern (2007) studies 12,942 US
acquisitions between 1980 and 2004 and finds that announcement returns are deal-
specific, rather than firm-specific, and that firms learn from their own acquisition
histories: current acquisition decisions are influenced by the announcement returns
of previous bids.

Managers might not be the only agents who consider the market response to
investment announcements. Using a sample of 1,787 deals from 1985 to 2005, Zhao
and Zhu (2007) study the determinants of changes in analyst coverage around M&As.
They find that a larger fraction of target analysts continues to cover the merged firm
when the acquirer’s announcement return is higher, concluding that these analysts
are optimistic about the deal. They also find that the fraction of target and acquirer
analysts retaining coverage in the merged firm is positively related to the acquirer’s
trading volume and negatively related to the return volatility during the merger
period. They argue that this trading behaviour reveals transactions followed with
more attention and interest, which may lead to more trading-related revenues for
the investment bank where the analyst is employed.

Summarizing, even though early studies find that the market has a limited role
and that it is not a dominant force in M&A explaining investment, latter studies
support the idea that managers find market prices informative.
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2.2 Can opinion divergence play a role?

As documented above, there is recent evidence supporting the idea that merging
firms take into account the market reaction to merger announcements when decid-
ing whether or not to complete the deal. In the study by Luo (2005), the completion
frequency is 93% when the deal experiences a non-negative market reaction to the
announcement, but only 90.6% when the reaction is negative, the difference being
statistically significant at the 5% level. We do not expect bids with unfavorable
market response to be always cancelled. If that were the case, prices would not
be informative: “If firms cancel planned investments following poor stock market
response, the value of their shares will become insensitive to information on invest-
ment opportunities” (Dow et al., 2007, p.1). But if managers do listen to the market,
why don’t we see a higher proportion of cancellations when the reaction is negative?
As discussed above, the findings of Luo (2005), Kau et al. (2006) and Paul (2007)
support the idea that some deal, company, management and board characteristics
create higher or lower incentives for managers to learn from the market response. In
this paper we argue that managers might also be more or less sensitive to the price
reaction to the announcement, depending on the level of consensus of that reaction.

If the market reaction is positive, a high level of investor consensus on the value-
enhancing nature of the deal might increase managers optimism and the likelihood
of deal completion. However, high opinion divergence regarding the benefits of the
deal might make managers doubt the value of the bid, even if the mean reaction
is positive. This might decrease the likelihood of deal completion. On the other
hand, if the average reaction is negative, a high level of consensus might decrease
the likelihood of deal completion. Conversely, high opinion divergence might still
keep the managers optimistic and the likelihood of completion almost unchanged,
despite the negative reaction. After all, some investors consider that the deal is
acceptable when there is strong divergence of (negative) opinion.

Is there any evidence of divergence of opinion being relevant in investment de-
cisions? Doukas et al. (2006) study the relation between stock returns and opinion
divergence in analyst forecasts in the US market. As they note, their results sug-
gest that investors invest in low dispersion stocks when earnings expectations are
optimistic (sure winners) and avoid low dispersion stocks when earnings expecta-
tions are pessimistic (sure losers). They assume that investors confidence in the
validity of the analyst information increases with the degree of agreement among
analysts, i.e., low disagreement among analysts would be interpreted by investors
as a more reliable forecast. Doukas et al. (2006) base their assumptions on research
that documents humans’ tendency toward conformity and forming of beliefs lead-
ing to cascades. As they explain, the latter happens when investors, after looking
at the decisions of others in order to reinforce their judgment, disregard their own
judgment, and follow the crowd.

Our arguments are of a similar kind. We propose that managers initiating a
merger are likely to be influenced by investors’ opinion divergence conditional on the
cumulative abnormal returns around the announcement. Alternatively, managers
proposing a merger are less likely to be influenced by the abnormal returns around
the announcement in isolation of investors’ opinion divergence.

We now proceed to address the issue of measuring opinion divergence. Numerous
proxies for consensus or divergence of investors’ opinion have been suggested in
the literature. Several of them are tied specifically to investor trading behaviour:
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volume, stock return volatility, bid-ask spread, and order imbalance.

2.2.1 Volume

Beaver (1968) examines investor reaction to annual earnings announcements and
finds a dramatic increase in volume during the week of the announcement. He claims
that this is consistent with the argument that earnings reports have information
content. Varian (1989) explains that in a speculative market of rational agents with
equal priors: “If one agent has information that induces him to want to trade at the
current asset price, then other rational agents would be unwilling to trade with him,
because they realize that he must have superior information” (Varian, 1989, p.5).
However, using models that allow not only for differences in information but also
for differences in opinions, Varian (1989) shows that trading volume is determined
by differences of opinion, not differences in information.

Bamber (1987) argues that more surprising or informative announcements are
likely to spawn a wide variety of interpretations, which should generate increased
trading volume. Her results support this idea. She studies the trading volume reac-
tion to quarterly earnings announcements and finds that the greater the unexpected
quarterly earnings, the greater the abnormal trading volume.

Holthausen and Verrecchia (1990) present a two period model of competitive
trading that suggests that an increase in consensus, which measures the extent of
agreement among traders at the time of an information release, results in a decrease
in trading volume.

In Kim and Verrecchia (1991), traders respond differently to an announcement
because they are diversely informed and differ in the precision of their private prior
information. New information is more important to traders with less precise private
information and has a larger impact on their beliefs. In their model they show that
volume, which they argue reflects the sum of differences in traders’ reactions, is
proportional to the price change, which measures the average reaction, and to the
degree of differential precision.

Kandel and Pearson (1995) find that “there are economically and statistically
significant positive abnormal volumes associated with quarterly earnings announce-
ments even when prices do not change in response to the announcements” (Kandel
and Pearson, 1995, p.833). They argue that this is consistent with the hypothesis
that the abnormal volume during announcement periods occurs because investors
have differential interpretations, i.e., different likelihood functions to interpret the
public announcement.

Garfinkel (2005) constructs a proxy for investors’ opinion divergence from NYSE
proprietary data on investors orders in individual stocks, that directly conveys in-
vestors’ private valuations, and compares it with proxies based on publicly available
data. His results suggest that unexplained volume is the proxy that best correlates
with opinion divergence.

Finally, Anderson, Harris, and So (2007) argue that “when investors disagree
about a particular stock they will trade if the dollar value of the disagreement
exceeds the transactions cost of trading. In this light, greater disagreement leads to
higher trading volume” (Anderson et al., 2007, p.5). They study annual earnings
announcements for Nasdaq-traded firms during 2004 and 2005 and find that volume
increases are significantly related to opinion divergence.
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Other studies that associate volume with opinion divergence are Chen, Hong,
and Stein (2002), D’Avolio (2002), Boehme, Danielsen, and Sorescu (2006), Jiang,
Xu, and Yao (2006) and Chang, Cheng, and Yu (2007).

2.2.2 Return Volatility

Peterson and Peterson (1982) examine the relationship among returns, systematic
risk, total risk and change in divergence of opinion. They find a significant positive
relationship between the measure of total risk (standard deviation of returns) and
divergence of opinion.

Shalen (1993) develops a model that investigates the role of dispersion in volatil-
ity and trading volume. She shows that dispersion of beliefs contributes to the
variance of price changes: it measures the additional volatility and volume induced
by noisy liquidity demand that masks the private information embedded in prices.

Recently, Boehme et al. (2006) examine the valuation effects of the interaction
between differences of opinion and short sale constraints. They use idiosyncratic
volatility of stock returns as a proxy for investor belief dispersion.

Anderson et al. (2007) argue that opinion divergence serves as an added liquidity
risk by reducing the probability of buying or selling a security for a given price
following news. They explain that this occurs because as opinions become more
disperse and the valuation distribution flattens, the density of valuations directly
adjacent to the equilibrium price is reduced, so risk manifests as increased volatility.
Their results support this argument. They find that opinion divergence is positively
related to abnormal return volatility.

Chang et al. (2007) analyze the relation among short-sales constraints, stock
overvaluation and dispersion of investor opinion. They use three proxies for opin-
ion dispersion: the standard deviation of daily raw returns (total volatility), the
standard deviation of the error terms of an OLS market model return estimation
(idiosyncratic volatility), and turnover.

Alexandridis, Antoniou, and Petmezas (2007) examine the relation between di-
vergence of opinion about the value of acquiring firms in the pre-announcement
period and post-acquisition stock returns. They use idiosyncratic volatility as a
proxy for opinion divergence.

Moeller, Schlingemann, and Stulz (2007) study how acquirer returns are linked
to diversity of opinion and information asymmetry. One of their findings is that
idiosyncratic volatility, which they use as a proxy for information asymmetry, domi-
nates their proxies for diversity of opinion in explaining acquirer returns. They argue
that idiosyncratic volatility is possibly a better measure of diversity of opinion than
the proxies they used.

Other studies that relate volatility with opinion divergence are Chen and Cheng
(2003) and Jiang et al. (2006).

2.2.3 Bid-Ask Spread

Houge, Loughran, Suchanek, and Yan (2001) suggest that the bid-ask spread cap-
tures divergence of opinion; the spread reacts to uncertainty and there is a corre-
lation between uncertainty and opinion divergence. As they explain, the market
microstructure literature advocates that spreads are wide when uncertainty is high.
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Stoll (1989) finds that the bid-ask spread may be decomposed into adverse informa-
tion costs, inventory holding costs and order processing costs. Ho and Stoll (1981)
explore the inventory holding cost component and show that the bid-ask spread
includes a risk premium that depends on transaction size, stock return uncertainty
and dealer’s attitude towards risk. Given this relationship between bid-ask spread
and uncertainty, a correlation between uncertainty and opinion divergence might
imply a correlation between bid-ask spread and opinion divergence. Are uncertainty
and opinion divergence correlated? Houge et al. (2001) argue that uncertainty and
divergence of opinion are likely to be correlated, that the concept of uncertainty
suggests that investors will differ in their forecasts. Miller (1977) observes that “it
is implausible to assume that although the future is very uncertain, and forecasts
are very difficult to make, that somehow everyone makes identical estimates of the
return and risk from every security” (Miller, 1977, p.1151). Because investors know
that they have imperfect information about other investors beliefs, changes in opin-
ions generate and reinforce uncertainty (Kraus and Smith, 1989). When investors
are uncertain about the true probability structure of stock return payoffs, they tend
to hold different subjective opinions about the future payoffs (Doukas, Kim, and
Pantzalis, 2004). Consequently, as explained before, this relationship between un-
certainty and opinion divergence might imply a correlation between bid-ask spread
and opinion divergence.

Empirically, Garfinkel (2005) finds that spreads and divergence of opinion are
positively correlated after news related trading halts. The results give some support
to his suggestion that if investors are more cautious when spreads are wider (greater
uncertainty about firm value), then they will prefer limit orders at more favorable
prices than market prices, with greater limit order variation reflecting higher opinion
divergence. Alternatively, he argues, reversing the causality, a greater variation in
limit orders suggests different processing of news, more informed trader risk and
consequently, wider spreads. However, he does not find a significant relationship
between spread and opinion divergence prior to the trading halts.

2.2.4 Order Imbalance

Chordia, Huh, and Subrahmanyam (2007) study the cross-sectional variations in
trading activity and test, among other things, whether trading activity depends on
the extent of dispersion of opinion about fundamental values. They find that order
imbalances, which capture net buying or selling pressure from traders, are positively
related to measures that proxy for differences in opinion in the previous month.
That is, higher opinion divergence leads to more buyer-initiated trades. They argue
that the results are consistent with “short-selling constraints that preclude negative
opinion from being reflected in trading activity as effectively as positive opinion,
causing signed imbalances to be positively related to measures of opinion divergence”
(Chordia et al., 2007, p.734).

2.2.5 Comment on Proxies for Opinion Divergence

As shown above, there are several proxies proposed for opinion divergence. However,
there is no consensus as to the most appropriate measure. An additional issue or
problem with measuring opinion divergence is that these measures are used in the
literature to proxy for other variables as well.
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For example, volume is also related to or used as proxy for liquidity by Amihud
and Mendelson (1986), Petersen and Fialkowski (1994), Chordia, Subrahmanyam,
and Anshuman (2001) and Jones (2002), among others. In addition, according to
Jones (2002), volume, specifically turnover, appears to be procyclical and may proxy
for variables related to the business cycle. “Higher turnover may reflect some sort of
wealth effect, or it may be the result of some individuals liquidating their publicly
traded assets in order to pursue non traded investment opportunities, such as startup
ventures, which might be relatively more attractive during booms” (Jones, 2002,
p.19). Volatility is not only a proxy for risk (Goyal and Santa-Clara (2003)), but
also serves as a proxy for the degree of information asymmetry: “Periods of higher
volatility are characterized by a higher degree of information asymmetry” (Theissen,
2002, p.40). The bid-ask spread is associated with liquidity (e.g. Amihud (2002),
Jones (2002), Acharya and Pedersen (2005), Kaniel, Gideon, and Titman (2008)
and Gorkittisunthorn, Jumreornvong, and Limpaphayom (2006)) and information
asymmetry (e.g. Theissen (2002), Chae (2005) and Eleswarapu, Thompson, and
Venkataraman (2004)). In addition order imbalance is associated with liquidity:
“Order imbalances in either direction, excess buy or sell orders, reduce liquidity”
(Chordia, Roll, and Subrahmanyam, 2002, p.111).

Finally, another commonly used proxy for opinion divergence, that we have not
mentioned, is the standard deviation in analysts’ earnings forecasts. However, as
Zhao (2007) explains, this measure suffers from two major limitations. First, at
least two analyst reports are needed before a standard deviation can be calculated,
which can be a problem for small firms3. Second, the literature has documented
that analysts tend to herd, so the true dispersion of investors’ opinions may be
much greater than the dispersion of analysts’ forecasts. Further, Garfinkel (2005)
questions the use of analysts’ forecast variability as a proxy for opinion divergence
because his tests indicate that when analysts’ forecast variability increases, investors’
opinion divergence doesn’t increase, on the contrary, it decreases. Goetzmann and
Massa (2005) found that their investor-based measure of dispersion of opinion has
more power than their standard measures of dispersion based on the dispersion of
analysts forecasts. Moeller et al. (2007) also argue that dispersion of analyst forecast
might be a noisy proxy of diversity of opinion.

2.3 The Market Reaction to Merger Announcements

According to Roll (1986), bidding firms infected by hubris pay too much for their
targets. Consequently, when an unanticipated bid is announced, the market price
of a target firm should increase on average; and if the bid conveys no information
about the bidder other than that it is seeking a combination with the target, the
market price of the bidding firm should decrease on average. If there are no gains
to takeovers, the hubris hypothesis implies that the average increase in the target’s
market value should be more than offset by the average decrease in the value of the
bidder.

The research on returns around M&A announcements is extensive. Bruner (2002)
summarizes the findings of 21 studies that examine the returns to target firm share-
holders. The studies reveal that the returns are significantly and materially positive.

3This requirement could reduce the sample significantly. Furthermore, small firms are interest-
ing because the level of disagreement about them is expected to be higher.
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For example, Mulherin and Boone (2000), who estimate the wealth effects of acqui-
sitions and divestitures, find that target shareholders receive average cumulative
returns, net-of-market, of 21.2% around the initial announcement of an acquisition.
Bruner (2002) also summarizes the findings of 44 studies that analyze the returns
to acquiring firms. As he concludes, in the aggregate, the market-adjusted returns
to acquiring firm shareholders from M&A activity are essentially zero. For instance,
Mulherin and Boone (2000) find that bidders, on average, experience an insignificant
cumulative return of -0.37%.

The research on other trading variables around M&A announcements is more
limited. Conrad and Niden (1992) examine the effect of acquisition announcements
on trading activity and the bid-ask spread for target firms. They find a dramatic
increase in trading activity and a persistent decline in spreads, at and after the
announcement. Draper and Paudyal (1999), who examine the impact of takeover bid
announcements on the trading activities of target and bidding firms, find a sudden
increase in the volume of trade and a substantial decline in the spread for targets on
the day of the announcement. Draper and Paudyal (1999) suggest that the decline
in spread may be due to the increased volume which causes adverse information cost
and inventory holding cost to be reduced. Vandelanoite (2002) studies changes in
information asymmetry on target firms value around takeover announcements. She
finds and increase in market activity and a reduction of the bid-ask spread after
the announcement, and concludes that takeover announcements allow the release of
information about target firm value. In the case of bidders, Draper and Paudyal
(1999) observe a sharp and significant increase in trading volume and a weak decrease
in spread on the day of the announcement. See Table 1 for the results of some of
the studies on the market reaction to M&As announcements.

3 Methodology

We attempt to predict the deal completion decision using as predictors the investors’
assessment of the proposed merger, as well as the investors opinion divergence asso-
ciated with this assessment.

We use the following logistic regression model:

Completei = β0 + β1ACARi + β2TCARi + β3∆AODivi + β4∆TODivi

+ β5AIntrODivi + β6TIntrODivi + β7CshDumi + β8FrnDumi

+ β9RelSizei + β10Toeholdi + εi (1)

where Completei is the dependent variable and equals 1 if deal i is completed and 0
if it is withdrawn, ACARi is the (-1,+1) cumulative abnormal return for the acquirer
of deal i expressed as a percentage, TCARi is the (-1,+1) cumulative abnormal re-
turn for the target of deal i expressed as a percentage, ∆AODivi is the change in
investors’ opinion divergence about the acquirer of deal i, ∆TODivi is the change
in investors’ opinion divergence about the target of deal i, AIntrODivi is the inter-
action between ACAR and ∆AODiv for the acquirer of deal i, i.e., AIntrODivi =
ACAR x ∆AODiv, TIntrODivi is the interaction between TCAR and ∆TODiv
for the target of deal i, i.e., TIntrODivi = TCAR x ∆TODiv, CshDumi is a
dummy variable that takes the value 1 if all or part of the consideration is cash and
0 otherwise, FrnDum is a dummy variable that takes the value 1 if the acquisition
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is friendly and 0 otherwise, RelSizei is the value of the transaction (AU$mil) divided
by the market capitalisation (share quantity times closing price) of the acquirer’s
fully paid ordinary shares 50 trading days before the announcement (AU$mil), and
Toeholdi is the percentage of common target shares held by the acquirer at the
announcement.

We use the net of market return to estimate abnormal returns.4 That is, the
abnormal return for acquirer i or target i on day t is

ARi,t = Ri,t − Rm,t (2)

where Rm,t corresponds to the total return on the All Ordinaries Index on day t
and Ri,t is

Ri,t =
Pi,t

Pi,t−1 ∗ Dilutioni,t

− 1 (3)

where Pi,t is the closing price of acquirer i or target i on day t, Pi,t−1 is the closing
price of acquirer i or target i on day t − 1, and Dilutioni,t is the dilution factor for
acquirer i or target i on day t which incorporates all the changes due to events like
e.g. dividends, rights subscriptions or splits.

We calculate the cumulative abnormal return for acquirer i or target i starting
on day t1 and ending on day t2 as:

CARi =

t2∑
t=t1

ARi,t (4)

The variables CshDum, FrnDum, RelSize and Toehold are introduced as controls
because these are factors that affect the probability of the deal being consummated,
and are known at the announcement not only by the managers but usually by the
market as well.

We measure opinion divergence through four proxies: Turnover (Turn), relative
bid-ask spread (RelS), total return volatility (V ola) and order imbalance (OImb).
These proxies for acquirer i or target i on day t are calculate as follows:

Turni,t = ln(
Trading volumei,t

Number of shares outstandingi,t

) (5)

RelSi,t =

∑
((Aski − Bidi)time)/

∑
time∑

(Aski+Bidi

2
time)/

∑
time

(6)

V olai =
√∑

((Ri,t − Ri,t)2/(n − 1) (7)

OImbi,t = ABS(
Buyer initiated trades i,t − Seller initiated trades i,t

Total trades i,t

) (8)

RelS is a time weighted spread, so time in equation 6 refers to the length of time
during which a particular spread has occurred on day t. n in equation 7 refers to
the number of days during which we are calculating the volatility. ABS in equation
8 refers to the absolute value.

4We obtain similar results when we use a market model.
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Our aim is to measure the change in opinion divergence caused by the announce-
ment. We propose that high order imbalances around the announcement directly
show consensus towards either buying or selling. However when using turnover,
volatility and relative spread, comparing the values around the announcement to
the values just before the announcement give a better indication of the changes
in opinion divergence or consensus. Thus, we calculate the impact of the deal an-
nouncement on consensus associated with acquirer i or target i in the following
way:

∆Turni = Turni,t(−4,−2) − Turni,t(−1, +1) (9)

∆RelSi = RelSi,t(−4,−2) − RelSi,t(−1, +1) (10)

∆V olai = V olai(−4,−2) − V olai(−1, +1) (11)

OImbi = OImbi,t(−1, +1) (12)

where Turni,t(t1, t2), RelSi,t(t1, t2) and OImbi,t(t1, t2) are the average daily turnover,
relative spread and order imbalance during the period (t1, t2), respectively, and
V olai(t1, t2) is the return volatility during the period (t1, t2). The variables calcu-
lated in equations 9 to 12 reflect the immediate change in opinion divergence due
to the merger announcement. A positive value in the variables in equations 9 to 11
implies a decrease in opinion divergence, i.e., an increase in consensus. For exam-
ple, when using turnover as a measure of consensus (or opinion divergence), lower
turnover in the period (–1,+1) as compared to the period (–4,–2), implies higher
(lower) consensus (opinion divergence) around the announcement as compared to
before the announcement, and this will be shown by a positive ∆Turni. The variable
OImbi is always positive, and the higher its value, the higher (lower) the consensus
(opinion divergence).

4 Sample and Data

We obtain the initial sample from the Securities Data Corporation’s (SDC) M&A
Database. From SDC we obtain the deal characteristics, including the announce-
ment date5, the company identity, the deal value, the type of consideration offered to
the target shareholders, the attitude of the deal (e.g. friendly), the toehold (percent-
age of common target shares held by the acquirer as of the announcement date) and
whether the deal is completed or withdrawn. Table 2 records the sample-selection
process.

The market data for each security is supplied by Securities Industry Research
Centre of Asia-Pacific (SIRCA) on behalf of the Australian Stock Exchange (ASX)
and Reuters. These include the closing price, the dilution factor, the volume, the rel-
ative bid-ask spread and the order imbalance. The total return on the All Ordinaries
Index is obtained from Datastream Advance.

5When the announcement date corresponds to a non-business day, we move it to the first
business day following the announcement.
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Table 2: Sample Selection Criteria

Query Description No. of
Deals
After

Query

I. Mergers and acquisitions listed by SDC, announced
from 01/01/1992 to 30/09/2006, with Australia as
both acquirer and target nation and with deal value
greater than or equal to 1,000,000 Australian dollars.a

7,287

II. Acquirer and target are listed on the Australian Stock
Exchange.

1,094

III. The form of the transaction is a merger or the
acquisition of majority interest.

370

IV. The deal has been completed or withdrawn. 354
V. The form of the consideration paid to the target

shareholders is known.
319

VI. The acquirer is identified in the SIRCA dataset of
common stock and matched.

298

VII. The acquirer has trading information during the period
[-10,+7] trading-days around the announcement.b

266

VIII.The target is identified in the SIRCA dataset of
common stock and matched.

257

IX. The target has trading information during the period
[-10,+7] trading-days around the announcement.b

246

a The data set obtained from SIRCA starts from 1992.
b Deals with trading halts in the window [-10, +7] trading-days around the

announcement for either the acquirer or the target are excluded. For the remaining
deals, on days with zero trading volume in [-10, +7] for the acquirer or target, we
use as proxy for closing price the midpoint between the best ask and the best bid,
i.e. closing price = (best ask + best bid)/2 if there is a best ask and a best bid. If
there is not, we use the last closing price available.

5 Results

5.1 Market Reaction Around Takeover Announcements

Figure 1 to Figure 8 show the average daily trading activity for acquirers and targets
in our sample. They are the foundation for the construction of our measures of
market reaction and opinion divergence. The period of time covered in the figures
corresponds to (–100,+100) trading days around the announcement date.

From the figures we can see that the acquirer return does not present any impor-
tant variation around the announcement, but the target return shows a considerable
increment that begins to appear some 5 days before the announcement date, prob-
ably due to information leakage, market anticipation or bids by other acquirors for
the same target. On the other hand, both the acquirer and target turnover rise
significantly around the announcement, although the effect is more dramatic in the
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Figure 1: Acquirer Returns Around Merger Announcements. The variable t corre-
sponds to the event date measured in trading days around the announcement, i.e., t
= 0 is the announcement date. The variable on the vertical axis is the crossectional
mean return expressed in percentage. The return for acquirer i on event day t is
calculated as Ri,t = Pi,t/(Pi,t−1 ∗ Dilutioni,t) − 1.

Figure 2: Target Returns Around Merger Announcements. The variable t corre-
sponds to the event date measured in trading days around the announcement, i.e., t
= 0 is the announcement date. The variable on the vertical axis is the crossectional
mean return expressed in percentage. The return for target j on event day t is
calculated as Rj,t = Pj,t/(Pj,t−1 ∗ Dilutionj,t) − 1.
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Figure 3: Acquirer Turnover Around Merger Announcements. The variable t corre-
sponds to the event date measured in trading days around the announcement, i.e.,
t = 0 is the announcement date. The variable on the vertical axis is the crossec-
tional mean turnover. The turnover for acquirer i on event day t is calculated as
Turnoveri,t = ln(V olumei,t/SharesOutstandingi,t).

Figure 4: Target Turnover Around Merger Announcements. The variable t corre-
sponds to the event date measured in trading days around the announcement, i.e.,
t = 0 is the announcement date. The variable on the vertical axis is the crossec-
tional mean turnover. The turnover for target j on event day t is calculated as
Turnoverj,t = ln(V olumej,t)/SharesOutstandingj,t).
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Figure 5: Acquirer Relative Spread Around Merger Announcements. The variable t
corresponds to the event date measured in trading days around the announcement,
i.e., t = 0 is the announcement date. The variable on the vertical axis is the crossec-
tional mean relative spread. The relative spread for acquirer i on event day t is calcu-
lated as RelSpreadi,t = TimeWeightedSpreadi,t/T imeWeightedMidPointPricei,t.

Figure 6: Target Relative Spread Around Merger Announcements. The
variable t corresponds to the event date measured in trading days around
the announcement, i.e., t = 0 is the announcement date. The variable
on the vertical axis is the crossectional mean relative spread. The rela-
tive spread for target j on event day t is calculated as RelSpreadj,t =
TimeWeightedSpreadj,t/T imeWeightedMidPointPricej,t.
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Figure 7: Acquirer Order Imbalance Around Merger Announcements. The vari-
able t corresponds to the event date measured in trading days around the an-
nouncement, i.e., t = 0 is the announcement date. The variable on the verti-
cal axis is the crossectional mean order imbalance. The order imbalance for ac-
quirer i on event day t is calculated as OImbi,t = |(BuyerInitiatedTradesi,t −
SellerInitiatedTradesi,t)/TotalTradesi,t|.

Figure 8: Target Order Imbalance Around Merger Announcements. The vari-
able t corresponds to the event date measured in trading days around the an-
nouncement, i.e., t = 0 is the announcement date. The variable on the ver-
tical axis is the crossectional mean order imbalance. The order imbalance for
target j on event day t is calculated as OImbj,t = |(BuyerInitiatedTradesj,t −
SellerInitiatedTradesj,t)/TotalTradesj,t|.
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target: it not only begins earlier (around 5 days before the announcement), but also
takes more time for the target to return to its normal turnover levels. This might
be due to the fact that merger arbitrageurs are more active with targets than with
acquirers: as Mitchell and Pulvino (2001) explains, in cash deals and in stock deals
merger arbitrageurs buy the target, but only in stock deals do they need to short-
sell the bidder in addition to buying the target. Relative spread appears to decrease
after the announcement for both acquirers and targets, with the effect larger for the
targets. However, the relative spread for targets seems to begin a steep increase a
couple of months after the announcement, reaching significantly higher levels than
the ones present before the announcement. This might be caused by stale orders, an
issue that can become more relevant as the size of the sample decreases with time
due to the deals that leave after being completed or withdrawn. Finally, a clear
order imbalance effect is observed only for the targets. At announcement, the im-
balance between buyer initiated shares and seller initiated shares decreases sharply,
and then increases to higher levels than the ones observed before, perhaps due to
merger arbitrageurs unfolding positions in anticipation of a deal withdraw.

5.2 Descriptive Statistics

The descriptive statistics reported in Table 3 show that the probability of a merger
agreement falling apart, 0.29, is lower than the probability of it being completed,
0.71. We observe that on average, acquirers earn positive but insignificant abnormal
returns, with a mean (-1,+1) CAR of 0.46%, and targets earn higher positive and
significant abnormal returns (at the 1% level), with a mean (-1,+1) CAR of 14.51%.
For both acquirers and targets, on average, turnover and volatility are significantly
lower (at the 1% level) before the announcement than around the announcement.
On the other hand, relative spread is, on average, significantly higher before the
announcement; it decreases with the announcement. In terms of order imbalances,
they are significant for both acquirers and targets around the announcement. Half
of the deals have some cash as part of the consideration offered to the target share-
holders, and 80% of the acquisitions are friendly. In terms of relative size, the deal
value is on average 56% the size of the acquirer. Finally, the mean toehold is 6.99%
at the announcement.

5.3 Market Reaction and Deal Completion

Table A-1 in the Appendix presents pair-wise correlation coefficients. We can ob-
serve from this table that there is a very high correlation between the target’s CAR
(TCAR) and the change in opinion divergence for the target when it is measured
through the change in volatility (∆TV ola). This high correlation can cause collinear-
ity problems in equation 1. Consequently, when using volatility as a proxy for opin-
ion divergence, we exclude the variable ∆TODivi (i.e., ∆TV ola) from equation 1
and include only the opinion divergence measured for the acquirer (i.e., ∆AV ola).

Before conducting the regression, we mean-centered the continuous predictors,
for example, the mean for ACAR is subtracted from the acquirer’s CAR in each
observation. The product terms are then formed from these transformed variables.
This helps reduce multicollinearity and aids in the intepretation of the coefficients.
The results of the logistic regression are presented in Table 4. The exponent of the
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Table 3: Descriptive Statistics

Variable Mean SD Min Median Max

Complete 0.71∗∗∗ 0.46 0.00 1.00 1.00
ACAR 0.46 5.30 -29.07 0.36 38.23
TCAR 14.51∗∗∗ 12.45 -26.57 13.66 116.52
∆ATurn -0.41∗∗∗ 0.85 -3.56 -0.30 2.20
∆TTurn -1.29∗∗∗ 1.15 -6.17 -1.23 2.23
∆AVola -0.94∗∗∗ 2.59 -14.83 -0.59 7.18
∆TVola -5.36∗∗∗ 6.24 -52.71 -4.56 14.58
∆ARelS 0.26∗∗ 1.51 -11.33 -0.01 31.64
∆TRelS 0.77∗∗∗ 2.61 -16.61 0.24 36.82
AOImb 0.42∗∗∗ 0.27 0.01 0.33 1.00
TOImb 0.46∗∗∗ 0.29 0.00 0.39 1.00
CshDum 0.50 0.50 0.00 1.00 1.00
FrnDum 0.80 0.40 0.00 1.00 1.00
RelSize 0.56 0.40 0.00 1.00 1.00
Toehold 6.99 11.24 0.00 0.00 51.60

***, **, *: Statistically significant at the 1%, 5% and 10%
level respectively.

intercept is the predicted odds of completing the deal for the reference case. The
reference case is the case when ACAR, TCAR, ∆AODivi, ∆TODivi, the relative
size and the toehold, all equal their sample mean, and when the acquisition is not
friendly and cash is not included in the consideration. None of the intercepts in
Table 4 is significant. Consequently, for the reference case, the predicted probability
of completing the deal is as large as the predicted probability of withdrawing the
deal, in the four models of Table 4.

The logistic coefficients for TCAR are all insignificant. The coefficient for ACAR
when opinion divergence is measured using turnover is not significant at the 10%
level, but when we use volatility, relative spread or order imbalance, ACAR presents
significant coefficients, as we can see in Table 4. The most significant of these
coefficients occurs with order imbalance; the coefficient is 0.0533, and the exponent
of this coefficient (e0.0533) is 1.055. This means that when AOImb equals its sample
mean, a 1 unit increase in ACAR results in the predicted odds of completing the
deal increasing significantly by 5.5%. The coefficients for the variables measuring
the change in opinion divergence are all insignificant, except the one for ∆AV ola
which is significant at the 5% level and the one for TOImb which is significant at the
10% level. The exponent of the coefficient for ∆AV ola (-0.1131) is 0.893. Therefore,
when ACAR equals its sample mean, a 1 unit increase in ∆AV ola, i.e., in consensus
regarding the acquirer prospects, translates in the predicted odds of completing the
deal decreasing significantly by 11%. The exponent of the coefficient for TOImb (-
1.1374) is 0.321. Therefore, when TCAR equals its sample mean, a 1 unit increase in
TOImb, i.e., in consensus regarding the target future stock performance, translates
in the predicted odds of completing the deal decreasing significantly by 68%. If
∆AV ola and TOImb are measuring to an acceptable degree the change in opinion
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Table 4: Logistic Regressions on the M&A closing Decision

Opinion Divergence Proxy

Turnover Volatility Relative Spread Order Imbalance

Intercept 0.1533 0.2124 0.2689 0.0547
0.6953 0.5695 0.4668 0.8890

ACAR 0.0387 0.0460∗ 0.0503∗∗ 0.0533∗∗

0.1366 0.0757 0.0450 0.0320

TCAR -0.0048 -0.0008 -0.0033 0.0017
0.6400 0.9297 0.7206 0.8749

∆ATurn -0.2731
0.1396

∆TTurn -0.1310
0.3093

AIntrTurn 0.0589∗∗

0.0417

TIntrTurn -0.0150∗

0.0754

∆AVola -0.1131∗∗

0.0425

AIntrVola 0.0098∗∗∗

0.0097

∆ARelS 0.0591
0.5185

∆TRelS 0.0451
0.2544

AIntrRelS 0.0190∗∗

0.0320

TIntrRelS -0.0006
0.8184

AOImb -0.1235
0.8566

TOImb -1.1374∗

0.0760

AIntrOImb 0.2712∗∗

0.0267

TIntrOImb -0.0122
0.7588

CshDum 0.3685 0.3749 0.2411 0.4521
0.2868 0.2486 0.4592 0.2038

FrnDum 0.7916∗∗ 0.8633∗∗ 0.8647∗∗ 1.1360∗∗∗

0.0412 0.0182 0.0167 0.0032

RelSize -0.5698∗∗∗ -0.3754∗∗ -0.4148∗∗ -0.3614∗

0.0047 0.0380 0.0284 0.0605

Toehold 0.0253 0.0257∗ 0.0292∗ 0.0356∗∗

0.1238 0.0870 0.0539 0.0362

R-Square 0.1406 0.1307 0.1169 0.1474
N 213 241 236 226

***, **, *: Statistically significant at the 1%, 5% and 10% level respectively
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divergence, this result is surprising. We did not expect any of the coefficients for the
change in opinion divergence to be significant by themselves, without the interaction
with the CARs, because opinion divergence only means that expectations differ, but
it doesn’t say anything about whether the difference of opinion is in relation to an
average positive valuation or an average negative valuation of the proposed merger.

The coefficients for the interaction terms show the moderating effects of con-
sensus (or opinion divergence) on the relationship between the CARs and deal
completion. The coefficients for the interaction terms associated with the acquirer
are significant with any of the measures of opinion divergence and they have the
expected signs. The coefficient for AIntrTurn, 0.0589, is significant at the 5% sig-
nificance level. Its exponent is 1.061. Thus, 1 unit increase in consensus, measured
as 1 unit increase in ∆ATurn, causes the impact of ACAR on deal completion to
increase by 6.1%. The coefficient for AIntrV ola is 0.0098, significant at the 1%
level. Its exponent is 1.010. Thus, 1 unit increase in consensus, measured as 1
unit increase in ∆AV ola, results in an increase of 1.0% in the relationship between
ACAR and deal completion. For AIntrRelS, the coefficient is 0.0190, significant at
the 5% level. Its exponent is 1.019. This means that 1 unit increase in consensus,
measured as 1 unit increase in ∆ARelS, produces an increase of 1.9% in the relation
between ACAR and deal completion. And for AIntrOImb, the coefficient is 0.2712,
significant at the 5% level. Its exponent is 1.312. Consequently, 1 unit increase in
consensus, measured as 1 unit increase in AOImb, produces an increase of 31.2% in
the relation between ACAR and deal completion.

When we look at the interaction terms associated with the target, only one
coefficient is significant, the one corresponding to the variable TIntrTurn. The
coefficient is -0.0150, significant at the 10% level. It’s exponent is 0.985. If turnover
is doing a good job as a proxy for opinion divergence, this coefficient is not what we
were expecting, because 1 unit increase in consensus, measured as 1 unit increase in
∆TTurn, translates into a decrease of 1.5% in the relation between TCAR and deal
completion. One possible explanation is that an increase in ∆TTurn, which means
a lower turnover around the announcement as compared to the turnover before the
announcement, might indicate that the merger arbitrageurs are skeptical about the
announced deal. When looking at this reaction, the managers may become less
optimistic, which could decrease the odds of completing the deal.

Regarding the control variables, the results show that FrnDum and RelSize are
significant at least at the 10% significance level, when any of the four measures of
opinion divergence is used. We can see that the predicted odds of completing the
deal when the acquisition is friendly are higher than otherwise. On the other hand,
the larger the relative size is, the lower the predicted odds of completing the deal.
Finally, the variable toehold is significant at least at the 10% level in three out of
the four models. In these three models we can observe that the higher the toehold,
the higher the predicted odds of completing the deal.

5.4 Endogeneity Concerns

This paper studies the discrete outcome of completing or withdrawing a takeover
deal, and its relation with the market reaction to the deal announcement and the
opinion divergence regarding the news. One concern with our experimental design
is that the market reaction to the announcement may be influenced by the same
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unobserved factors that determine the decision to complete or not the deal. In
that case, the acquirer and target CARs, as well as the corresponding interaction
terms, would be endogenous regressors. In order to address this issue, we use an
endogeneity test similar to the one suggested by Bollen, Guilkey, and Mroz (1995).

First, we begin by performing an OLS regression of ACAR and TCAR on a set
of instrumental variables and on the regressors assumed exogenous in equation 1:

ACARi = β0 + β1∆AODivi + β2∆TODivi + β3CshDumi + β4FrnDumi

+ β5RelSizei + β6LagATurni + β7LagARelSi + β8LagAV olai

+ β9LagAOImbi + εi (13)

TCARi = β0 + β1∆AODivi + β2∆TODivi + β3CshDumi + β4FrnDumi

+ β5RelSizei + β6LagTTurni + β7LagTRelSi + β8LagTV olai

+ β9LagTOImbi + εi (14)

LagATurn, LagARelS, LagAV ola and LagAOImb are the instrumental vari-
ables. They are calculated as the average daily turnover, relative spread, volatility
and order imbalance for the acquirer during the period (-22,-20) trading days before
the announcement, i.e., three trading days around one calendar month before the
announcement. Similarly, the set of instrumental variables LagTTurn, LagTRelS,
LagTV ola and LagTOImb are calculated as the average daily turnover, relative
spread, volatility and order imbalance for the target during the period (-22,-20)
trading days before the announcement. We hypothesize that these sets of variables
calculated for the acquirer and target of a M&A transaction, affect the decision
to complete or withdraw the deal only through their effects on the corresponding
CARs around the announcement. If the trading activity around one month before
the announcement is taken into account by the managers, we expect it to affect
managers before they make a public acquisition announcement.

Second, the estimated error term from equation 13 (14) is included with the
actual ACAR (TCAR) in equation 1. We then calculate the significance of the
coefficient on the estimated error term. If the coefficient is not significantly different
from zero, then we treat ACAR (TCAR) as exogenous.

We follow this procedure four times, using each of the proxies for opinion di-
vergence in equations 1, 13 and 14. We find that the coefficients for the estimated
error terms are not significant. Additionally, we perform tests of the identifying
assumptions. The results suggest that we have chosen acceptable instruments. All
the test results are available on request.

6 Conclusion

The evidence presented here, though limited by the size of the sample, suggests
that investors’ opinion divergence is related to the decision of completing or with-
drawing an M&A deal. The significant coefficients in the interaction terms of our
logistic regressions support the idea that investors’ opinion divergence affects the
relationship between the acquirer announcement CAR and the completion decision.
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With any of our four proxies for opinion divergence, i.e., turnover, relative bid-ask
spread, total volatility and order imbalance, the greater the consensus regarding the
acquirer’s prospects given the proposed deal, the higher the relationship between
acquirer CAR and deal completion. Even though we need to be cautious given
that the proxies we use for opinion divergence carry additional interpretations, as
explained in section 2.2.5, it has enough plausibility to be at least considered in
further investigations.

References

Acharya, V. V. and L. H. Pedersen (2005). Asset pricing with liquidity risk. Journal
of Financial Economics 77 (2), 375–410.

Ahern, K. R. (2007). Markets talk, firms listen: The dynamics of repeat acquirers.
AFA 2008 New Orleans Meetings Paper, January 18, 2007. Available at SSRN:
http://ssrn.com/abstract=970345.

Alexandridis, G., A. Antoniou, and D. Petmezas (2007). Divergence of opinion and
post-acquisition performance. Journal of Business Finance & Accounting 34 (3–
4), 439–460.

Amihud, Y. (2002). Illiquidity and stock returns: Cross-section and time-series
effects. Journal of Financial Markets 5 (1), 31–56.

Amihud, Y. and H. Mendelson (1986). Asset pricing and the bid-ask spread. Journal
of Financial Economics 17 (2), 223–249.

Anderson, K. L., J. H. Harris, and E. So (2007). Opinion divergence and
post-earnings announcement drift. March 8, 2007. Available at SSRN:
http://ssrn.com/abstract=969736.

Baker, M., J. Stein, and J. Wurgler (2003). When does the market matter? stock
prices and the investment of equity-dependent firms. The Quarterly Journal of
Economics 118 (3), 969–1005.

Bamber, L. S. (1987). Unexpected earnings, firm size, and trading volume around
quarterly earnings announcements. The Accounting Review 62 (3), 510–532.

Beaver, W. H. (1968). The information content of annual earnings announcements.
Journal of Accounting Research 6 (3), 67–92.

Blanchard, O., C. Rhee, and L. Summers (1993). The stock market, profit, and
investment. The Quarterly Journal of Economics 108 (1), 115–136.

Boehme, R. D., B. R. Danielsen, and S. M. Sorescu (2006). Short sale constraints,
differences of opinion, and overvaluation. Journal of Financial and Quantitative
Analysis 41 (2), 455–487.

Bollen, K. A., D. K. Guilkey, and T. A. Mroz (1995). Binary outcomes and endoge-
nous explanatory variables: Test and solutions with an application to the demand
for contraceptive use in tunisia. Demography 32 (1), 111–131.

26
2307



Bruner, R. F. (2002). Does m&a pay? a survey of evidence for the decision-maker.
Journal of Applied Finance 12 (1), 48–68.

Chae, J. (2005). Trading volume, information asymmetry, and timing information.
The Journal of Finance 60 (1), 413–442.

Chang, E. C., J. W. Cheng, and Y. Yu (2007). Short-sales constraints and price
discovery: Evidence from the hong kong market. The Journal of Finance 62 (5),
2097–2121.

Chen, J., H. Hong, and J. C. Stein (2002). Breadth of ownership and stock returns.
Journal of Financial Economics 66 (2–3), 171–205.

Chen, Q., I. Goldstein, and W. Jiang (2007). Price informativeness and investment
sensitivity to stock price. The Review of Financial Studies 20 (3), 619–650.

Chen, X. and Q. Cheng (2003). What determines the market impact of stock recom-
mendations? Sauder School of Business, Working Paper, March 1, 2003. Available
at SSRN: http://ssrn.com/abstract=385524.

Chordia, T., S.-W. Huh, and A. Subrahmanyam (2007). The cross-section of ex-
pected trading activity. The Review of Financial Studies 20 (3), 709–740.

Chordia, T., R. Roll, and A. Subrahmanyam (2002). Order imbalance, liquidity,
and market returns. Journal of Financial Economics 65 (1), 111–130.

Chordia, T., A. Subrahmanyam, and V. Anshuman (2001). Trading activity and
expected stock returns. Journal of Financial Economics 59 (1), 3–32.

Conrad, J. and C. M. Niden (1992). Order flow, trading costs and corporate acqui-
sition announcements. Financial Management 21 (4), 22–22.

D’Avolio, G. (2002). The market for borrowing stock. Journal of Financial Eco-
nomics 66 (2–3), 271–306.

Doukas, J. A., C. Kim, and C. Pantzalis (2006). Divergence of opinion and eq-
uity returns under different states of earnings expectations. Journal of Financial
Markets 9 (3), 310–331.

Doukas, J. A., C. F. Kim, and C. Pantzalis (2004). Divergent opinions and the
performance of value stocks. Financial Analysts Journal 60 (6), 55–64.

Dow, J., I. Goldstein, and A. Guembel (2007). Incentives for information production
in markets where prices affect real investment. October 12, 2007. Available at
SSRN: http://ssrn.com/abstract=956797.

Dow, J. and G. Gorton (1997). Stock market efficiency and economic efficiency: Is
there a connection? The Journal of Finance 52 (3), 1087–1129.

Dow, J. and R. Rahi (2003). Informed trading, investment and welfare. Journal of
Business 76 (3), 439–454.

Draper, P. and K. Paudyal (1999). Corporate takeovers: Mode of payment, returns
and trading activity. Journal of Business Finance & Accounting 26 (5), 521–558.

27
2308



Dye, R. A. and S. S. Sridhar (2002). Resource allocation effects of price reactions
to disclosures. Contemporary Accounting Research 19 (3), 385–410.

Eleswarapu, V. R., R. Thompson, and K. Venkataraman (2004). The impact of
regulation fair disclosure: Trading costs and information asymmetry. Journal of
Financial and Quantitative Analysis 39 (2), 209–225.

Garfinkel, J. A. (2005). Measuring investors’ opinion divergence. Working Paper,
December 2005, University of Iowa.

Goetzmann, W. N. and M. Massa (2005). Dispersion of opinion and stock returns.
Journal of Financial Markets 8 (3), 325–350.

Gorkittisunthorn, M., S. Jumreornvong, and P. Limpaphayom (2006). Insider own-
ership, bid-ask spread, and stock splits: Evidence from the stock exchange of
thailand. International Review of Financial Analysis 15 (4–5), 450–461.

Goyal, A. and P. Santa-Clara (2003). Idiosyncratic risk matters! The Journal of
Finance 58 (3), 975–1007.

Ho, T. and H. R. Stoll (1981). Optimal dealer pricing under transactions and return
uncertainty. Journal of Financial Economics 9 (1), 47–73.

Holthausen, R. W. and R. E. Verrecchia (1990). The effect of informedness and
consensus on price and volume behavior. The Accounting Review 65 (1), 191–208.

Houge, T., T. Loughran, G. Suchanek, and X. Yan (2001). Divergence of opinion, un-
certainty, and the quality of initial public offerings. Financial Management 30 (4),
5–23.

Jennings, R. H. and M. A. Mazzeo (1991). Stock price movements around acquisition
announcements and management’s response. The Journal of Business 64 (2), 139–
163.

Jiang, G. J., D. Xu, and T. Yao (2006). The information content of idiosyncratic
volatility. June, 2006. Available at SSRN: http://ssrn.com/abstract=783284.

Jones, C. M. (2002). A century of stock market liquidity and trading costs. May
23, 2002. Available at SSRN: http://ssrn.com/abstract=313681.

Kandel, E. and N. D. Pearson (1995). Differential interpretation of public signals and
trade in speculative markets. The Journal of Political Economy 103 (4), 831–872.

Kaniel, R., S. Gideon, and S. Titman (2008). Individual investor trading and stock
returns. The Journal of Finance 63 (1), 273–310.

Kaplan, S. N. and M. S. Weisbach (1992). The success of acquisitions: Evidence
from divestitures. The Journal of Finance 47 (1), 107–138.

Kau, J. B., J. S. Linck, and P. H. Rubin (2006). Do managers listen to the market?
June 4, 2006. Available at SSRN: http://ssrn.com/abstract=610062.

Kim, O. and R. E. Verrecchia (1991). Trading volume and price reactions to public
announcements. Journal of Accounting Research 29 (2), 302–321.

28
2309



Kraus, A. and M. Smith (1989). Market created risk. The Journal of Finance 44 (3),
557–569.

Luo, Y. (2005). Do insiders learn from outsiders? evidence from mergers and acqui-
sitions. The Journal of Finance 60 (4), 1951–1982.

Miller, E. M. (1977). Risk, uncertainty, and divergence of opinion. The Journal of
Finance 32 (4), 1151–1168.

Mitchell, M. and T. Pulvino (2001). Characteristics of risk and return in risk arbi-
trage. The Journal of Finance 56 (6), 2135–2175.

Moeller, S. B., F. P. Schlingemann, and R. M. Stulz (2007). How do diversity
of opinion and information asymmetry affect acquirer returns? The Review of
Financial Studies 20 (5), 2047–2078.

Morck, R., A. Shleifer, and R. W. Vishny (1990). The stock market and investment:
Is the market a sideshow? Brookings Papers on Economic Activity 1990 (2),
157–215.

Mulherin, J. H. and A. L. Boone (2000). Comparing acquisitions and divestitures.
Journal of Corporate Finance 6 (2), 117–139.

Paul, D. L. (2007). Board composition and corrective action: Evidence from cor-
porate responses to bad acquisition bids. Journal of Financial and Quantitative
Analysis 42 (3), 759–784.

Petersen, M. A. and D. Fialkowski (1994). Posted versus effective spreads, good
prices or bad quotes? Journal of Financial Economics 35 (3), 269–292.

Peterson, P. P. and D. R. Peterson (1982). Divergence of opinion and return. The
Journal of Financial Research 5 (2), 125–134.

Roll, R. (1986). The hubris hypothesis of corporate takeovers. Journal of Busi-
ness 59 (2), 197–216.

Shalen, C. T. (1993). Volume, volatility, and the dispersion of beliefs. The Review
of Financial Studies 6 (2), 405–434.

Shleifer, A. and R. W. Vishny (2003). Stock market driven acquisitions. Journal of
Financial Economics 70 (3), 295–311.

Stoll, H. R. (1989). Inferring the components of the bid-ask spread: Theory and
empirical tests. The Journal of Finance 44 (1), 115–134.

Subrahmanyam, A. and S. Titman (1999). The going-public decision and the devel-
opment of financial markets. The Journal of Finance 54 (3), 1045–1082.

Theissen, E. (2002). Floor versus screen trading: Evidence from the german stock
market. Journal of Institutional and Theoretical Economics 158 (1), 32–54.

Vandelanoite, S. (2002). Takeover announcements and the components of the bid-ask
spread. University of Paris I, Working Paper, March, 2002.

29
2310



Varian, H. R. (1989). Differences of Opinion in Financial Markets. In: Stone,
C.C.(Ed.), Financial Risk: Theory, Evidence and Implications. Kluwer Academic
Publishers, pp. 3–37.

Walker, M. M. (2000). Corporate takeovers, strategic objectives, and acquiring-firm
shareholder wealth. Financial Management 29 (1), 53–66.

Weston, J. F., M. Mitchell, and H. Mulherin (2003). Takeovers, Restructuring and
Corporate Governance (4th edition ed.). Pearson Prentice Hall, New York.

Zhao, M. (2007). The tick-test rule, investors’ opinions dispersion, and stock re-
turns. Working Paper, October 2007, Finance Department, University of Ten-
nessee. Available at SSRN: http://ssrn.com/abstract=1026396.

Zhao, M. and J. Zhu (2007). Analyst coverage around mergers & acquisitions.
Annual Meeting of the American Accounting Association Paper, November 2007.
Available at SSRN: http://ssrn.com/abstract=971183.

30
2311



APPENDIX

31
2312



T
ab

le
A

-1
:

P
ea

rs
on

C
or

re
la

ti
on

C
oe

ffi
ci

en
ts

C
om

pl
et

e
A

C
A

R
T

C
A

R
A

O
Im

b
T

O
Im

b
∆

A
T
ur

n
∆

T
T
ur

n

C
om

pl
et

e
1.

00
00

0.
13

15
∗∗

0.
03

07
-0

.1
10

6∗
-0

.0
92

1
-0

.0
84

9
-0

.1
18

2∗

0
.0

4
0
1

0.
63

35
0
.0

8
9
2

0.
15

76
0.

19
58

0
.0

7
7
5

A
C

A
R

1.
00

00
0.

09
73

-0
.0

87
4

-0
.0

79
2

-0
.1

59
8∗
∗

-0
.0

01
3

0.
12

95
0.

17
98

0.
22

47
0
.0

1
4
4

0.
98

46

T
C

A
R

1.
00

00
-0

.0
87

5
-0

.0
65

0
0.

11
53

∗
-0

.2
39

4∗
∗∗

0.
17

94
0.

31
92

0
.0

7
8
5

0
.0

0
0
3

A
O

Im
b

1.
00

00
0.

38
12

0.
20

74
∗∗
∗

0.
12

35
∗

<
.0

00
1

0
.0

0
1
5

0
.0

6
8
7

T
O

Im
b

1.
00

00
0.

23
60

∗∗
∗

0.
07

37
0
.0

0
0
3

0.
27

29

∆
A

T
ur

n
1.

00
00

0.
06

49
0.

34
16

∆
T

T
ur

n
1.

00
00

C
on

ti
nu

ed
on

ne
xt

pa
ge

32
2313



T
ab

le
A

-1
–

co
nt

in
ue

d
fr

om
pr

ev
io

us
pa

ge

∆
A
V

ol
a

∆
T

V
ol

a
∆

A
R

el
S

∆
T

R
el

S
C

sh
D

um
Fr

nD
um

R
el

Si
ze

T
oe

ho
ld

C
om

pl
et

e
-0

.1
53

9∗
∗

-0
.0

28
1

0.
02

08
0.

07
79

0.
10

45
0.

14
42

∗∗
-0

.1
94

7∗
∗∗

0.
13

54
∗∗

0
.0

1
6
1

0.
66

24
0.

74
67

0.
22

66
0.

10
34

0
.0

2
4
3

0
.0

0
2
4

0
.0

3
4
5

A
C

A
R

-0
.3

54
6

-0
.0

65
7

0.
05

91
0.

13
60

∗∗
-0

.0
05

9
-0

.0
41

3
-0

.1
31

6∗
∗

-0
.0

43
6

<
.0

00
1

0.
30

68
0.

35
89

0
.0

3
4
1

0.
92

75
0.

52
04

0
.0

4
1
2

0.
49

82

T
C

A
R

0.
02

10
-0

.7
30

0
-0

.0
24

2
0.

11
91

∗
0.

08
06

-0
.0

52
9

-0
.1

76
6∗
∗∗

-0
.0

44
0

0.
74

45
<

.0
00

1
0.

70
73

0
.0

6
3
7

0.
20

94
0.

41
12

0
.0

0
6
0

0.
49

40

A
O

Im
b

0.
08

36
0.

06
09

0.
01

96
-0

.0
79

2
-0

.1
13

1∗
0.

01
68

0.
13

23
∗∗

0.
15

13
∗∗

0.
19

98
0.

35
08

0.
76

43
0.

22
57

0
.0

8
2
4

0.
79

68
0
.0

4
3
2

0
.0

1
9
8

T
O

Im
b

0.
07

04
-0

.0
27

8
0.

02
90

-0
.0

36
1

0.
00

04
0.

04
50

-0
.0

34
2

0.
15

06
∗∗

0.
28

02
0.

66
99

0.
65

76
0.

58
12

0.
99

53
0.

49
04

0.
60

26
0
.0

2
0
3

∆
A

T
ur

n
0.

17
57

∗∗
∗

-0
.1

22
1∗

0.
10

56
-0

.0
12

2
0.

02
08

-0
.0

72
8

-0
.2

04
7∗
∗∗

0.
06

18
0
.0

0
7
1

0
.0

6
2
1

0.
10

73
0.

85
37

0.
75

18
0.

26
74

0
.0

0
1
8

0.
34

67

∆
T

T
ur

n
0.

09
87

0.
11

08
∗

-0
.1

22
8∗

-0
.1

00
8

-0
.1

46
2∗
∗

-0
.1

06
1

0.
10

85
-0

.0
83

2
0.

14
10

0
.0

9
8
2

0
.0

6
7
2

0.
13

27
0
.0

2
8
7

0.
11

34
0.

10
76

0.
21

48

C
on

ti
nu

ed
on

ne
xt

pa
ge

33
2314



T
ab

le
A

-1
–

co
nt

in
ue

d
fr

om
pr

ev
io

us
pa

ge

∆
A
V

ol
a

∆
T

V
ol

a
∆

A
R

el
S

∆
T

R
el

S
C

sh
D

um
Fr

nD
um

R
el

Si
ze

T
oe

ho
ld

∆
A
V

ol
a

1.
00

00
-0

.0
38

9
-0

.2
03

0∗
∗∗

-0
.2

02
7∗
∗∗

0.
15

70
∗∗

-0
.0

98
1

-0
.0

38
7

0.
01

23
0.

54
58

0
.0

0
1
5

0
.0

0
1
5

0
.0

1
4
1

0.
12

63
0.

54
98

0.
84

87

∆
T

V
ol

a
1.

00
00

0.
05

89
0.

00
63

-0
.0

58
3

0.
10

30
0.

10
56

0.
11

71
∗

0.
36

06
0.

92
20

0.
36

46
0.

10
87

0.
10

20
0
.0

6
7
9

∆
A

R
el

S
1.

00
00

0.
35

31
-0

.0
37

9
0.

05
01

-0
.0

85
2

-0
.1

02
6

<
.0

00
1

0.
55

64
0.

43
70

0.
18

86
0.

11
06

∆
T

R
el

S
1.

00
00

0.
06

10
-0

.0
03

1
-0

.0
29

6
-0

.0
92

2
0.

34
40

0.
96

19
0.

64
78

0.
15

18

C
sh

D
um

1.
00

00
-0

.1
58

3∗
∗

-0
.1

85
4∗
∗∗

0.
14

96
∗∗

0
.0

1
3
3

0
.0

0
3
9

0
.0

1
9
4

Fr
nD

um
1.

00
00

-0
.0

05
4

0.
00

91
0.

93
41

0.
88

75

R
el

Si
ze

1.
00

00
-0

.0
46

2
0.

47
54

T
oe

ho
ld

1.
00

00

**
*,

**
,
*:

St
at

is
ti

ca
lly

si
gn

ifi
ca

nt
at

th
e

1%
,
5%

an
d

10
%

le
ve

l
re

sp
ec

ti
ve

ly
.

34
2315



Electronic copy available at: http://ssrn.com/abstract=1262122

 

 

 

 

Non-Tradable Share Reform and Convergence Between Chinese Cross-listed A and 

H Shares 

 

Yuan Fang Zhao 

University of Wollongong 

 

Andrew Tan 

University of Wollongong 
 

Gary Tian 

University of Wollongong 

 
 

 

 

Abstract 

 

This paper explores the impact of China’s two recent stock market reforms, i.e. 

non-tradable share reform and QFII procedures, on the price linkages of A- and H- shares 

by using the technique of cointegration. We found that although A-share index and 

H-share index is still segmented, the price linkages between individual A-shares and their 

cross-listed H-shares have been straightened since the two policies implemented. We 

argued that ownership restrictions contributed to the market segmentation of Chinese and 

Hong Kong’s stock markets and the integration process of China and Hong Kong seems 

to be a gradual progress. 
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1. Introduction  

Ownership restrictions have long been recognized as the main factors that hinder the 

progress of financial integration. Those barriers may reflect capital controls, tax codes, 

accounting and auditing differences, different bankruptcy law etc (Adam et al., 2002). 

There are generally two types of capital controls in emerging capital markets (Ma, 1996). 

The first is the limitations on foreign ownership of domestic equity. This type of 

legislated restriction ensures domestic control of local firms, especially in energy and 

financial sectors, and is motivated by a desire to preserve the independence of the local 

industries, possibly because of national defense concerns (Stulz and Wasserfallen, 1995). 

The second type of limitation is on the domestic investment constraint on foreign capital 

markets (Ma, 1996). For example, Bergstrom et al. (1993) reported that a capital-outflow 

restriction limiting the amount of capital that domestic investors could export was 

enforced in the United Kingdom until 1979. The existence of those barriers will constrain 

the portfolio choice of the individuals, and hence the resulting equilibrium may very well 

be different from that under no barriers (Eun and Janakiramanan, 1986). Furthermore, it 

might induce price premiums in the sense that the benefits of international diversification 

attract free capital to move across borders and prompt investors to pay higher prices for 

foreign stocks than what they would pay at home.   

This paper contributes to the study of ownership restrictions effects on capital markets 

and financial integration with the evidence from China’s two stock markets, i.e. Shanghai 

stock exchange and Shenzhen stock exchange. Chinese stock markets’ ownership 

restrictions are evidenced in several aspects. First, if a company chooses to list in 

Shanghai’s stock exchange, it is not eligible to list its shares in Shenzhen stock exchange 

at the same time, and vice versa. Second, there exists non-tradable shares which is 
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unparalleled in China. It means only one third of a listing company’s shares are freely 

tradable in the stock market, while two thirds are only assessable to legal person and are 

state owned and non-tradable. Third, there are several classes of shares in China’s stock 

markets. B shares were only assessable to foreign investors and A shares were only 

available to domestic investors before 2004. H shares are listed in Hongkong while the 

listing companies are based in China where domestic investors are inaccessible. A 

company can issue A and B shares or A and H shares at the same time but the ownerships 

are restrictedly regulated according to investors’ trading locations (Grownewold, et al. 

2004). These measures artificially create a segmented market. Meanwhile, the ownership 

restrictions in China differ from other countries historically. On one hand, investors can 

only trade a portion of the shares while the price of the other portion is not subject to 

pricing mechanism of an efficient market. Non-tradable shares pushes up the price of 

tradable shares, i.e. A shares in the way of reducing supply to the market (Beltratti and 

Bortolotti, 2006) On the other hand, investors are not free to choose which class of shares 

they perceive as profitable and is restricted to their trading locations. In face of these 

problems, two recent reforms are undertaken in China, which are the non-tradable share 

reforms and QFII procedures to tackle the problem of ownership restrictions, which this 

paper will be focus on.  

Against this background, China’s capital market provides an interesting scenario for the 

study of price relationships between cross-listed shares to uncover the degree of financial 

integration. Furthermore, China’s cross-listed B and H shares are priced lower than the 

domestic A shares, which is different from other countries’ experience and is in contrast 

with theoretical explanations offered by the capital asset pricing model (Chan et al., 2002; 
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Bailey et al., 1999). Hence, different hypothesis are offered in the literature to explain the 

puzzle, including differential valuation model, information asymmetry, liquidity and 

investor sentiments. (Chan et al, 2003; Wang and Jiang 2004; Sun and Tong 2000; Kim 

and Shin, 2000) Different from those approaches, this paper hypotheses that ownership 

restrictions have contributed to the segmented market between China and Hong Kong. 

However, with the reforms undertaking in China, some improvements in the long-run 

equilibrium relationship is expected.  

1.1 Non-tradable share reform 

The Chinese government recognized that the non-tradable shares have brought many 

problems in the markets. According to Beltratti and Bortolotti (2006), these problems 

include the thinness of trading, where non-tradable shares overweight tradable shares as 

evidenced in figure 1; a fraction of capital was suppressed, reducing supply and pushing 

up the price of tradable shares Furthermore, the pricing mechanism of free market fails to 

work in the market, which leads to poor market efficiency. It also intensifies the agency 

problem, where the managers take excessive risk of project which is undesirable. In May 

2005, the CSRC decided to carry on stock structure reform to solve the problem. The 

procedures are as follows: a few trials will be carried on some selected companies to 

evaluate different potential solutions; each company can have their own solutions as 

catered to their own situations; new listed companies will have not issue non-tradable 

shares any more (Beltratti and Bortolotti, 2006).  
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Figure 1. Outstanding shares of Chinese listed companies by class, February 2006 

Figure 1 presents the proportions of each classes of shares and as it is shown, NTS turned 

out to be overwhelmingly important in Chinese stock markets. As February 2006, only 

39.38% are freely tradable in the stock exchange while 56.66% of shares are 

non-tradable.  

With the success of stock structure reform, it is believed that the Chinese stock market 

will be more liquid and efficient to be ready for big companies to list domestically instead 

of listing abroad (Beltratti and Bortolotti, 2006). A more regulated and robust domestic 

capital market will be able attract those big companies to list domestically, especially for 

H shares to cross-list in A share market. Those big companies are leading companies in 

their relevant sectors and if they choose to list domestically, it will improve the 

attractiveness of the domestic equity market. Secondly, big companies increase the supply 

of capital for investors to choose from, which better allocates resources and improves the 

structure of investors. Up till 2006, the institutional investors have been made up of 30% 
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of tradable share value (Beltratti and Bortolotti, 2006).  

According to the market efficiency theory, the series of capital market reforms could be 

reflected in share prices. With the entry of WTO, NTS reform and increasing level of 

trade liberalization, China’s market is perceived to better integrate into the world market. 

The study of A and H shares will provide good evidence of the degree of integration, and 

uncover the market pricing mechanism of the two markets.  

In addition to the NTS reform, in November 2002, QFII measures promulgated and 

allowed the qualified foreign institutions to invest in the A share market under certain 

foreign exchange flow and disclosure requirements (Su et al., 2007). This measure is 

perceived to improve the pricing efficiency in A share market since the ownership 

restriction is lessened.  

In this paper, we examine the market linkages of China’s cross-listed A- and H-shares 

before and after those two reforms. The market linkages of the China’s cross-listed A- 

and H- shares are assessed by the technique of cointegration. The test is carried out by 

first examining the whole sample period, and later the whole sample period is divided 

into two sub-samples for comparison. We argue that ownership restrictions have 

contributed to the market segmentation of Chinese and Hong Kong’s stock markets. We 

found that there is stronger cointegration relationship between the markets after the 

implementation of NTS reform occurred during the period of study. Nevertheless, with 

the stronger price linkages between the shares, the integration process of China and Hong 

Kong seems to be a gradual progress. There are other factors that further hinder the 

integration of the two capital markets, which are information asymmetry and investor 

sentiments.
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2. Data and Methodology  

The shares of those companies which cross-listed on both markets are collected. 

Furthermore, in order to get an overview of the whole market performance, stock 

indices are selected from Shanghai stock exchange, Shenzhen stock exchange and 

Hong Kong stock exchange. Those indices are Shanghai SSE A index (000002.ss), 

Shenzhen SZE A share index (399107), and Hang Seng Index (HSI). All stocks’ daily 

closing prices are collected from Yahool Finance website. The earliest starting date 

available is from 4 January 2000. Therefore, the studying period covers 4 January 

2000 to 21 February 2008. There are a total of 50 companies cross-listing in both 

markets. The exclusive list of those companies is shown in Table 1 in Appendix. The 

price difference in the table confirms with other researches that find the price 

discounts in H shares.   

In consideration of the methodology to be applied viz-a-viz the cointegration test, it 

provides more robust results a sample size with a longer time span. Therefore, only a 

portion of the 50 cross-listed shares are selected. Furthermore, Su et al (2007), 

conducted a cointegration analysis on A and H shares from the period 1 January 2002 

to 30 November 2004. In their analysis, there are a total of 29 cross-listed A and H 

shares. The same sample period is selected in our analysis in order to assist in 

comparison with the results in Su et al (2007).  Our sample period also include 1 

December 2004 to 21 February 2008 when non-tradable reform is carried out. To our 

knowledge, this period has not been analysed before. The same 29 stocks are selected 
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in our analysis as well, except for Jilin Chemical Industrial Co. Ltd (Hong Kong code: 

368) which was delisted in Hong Kong market and Guangdong Kelong Electrical 

Holdings Co. Ltd (Hong Kong code: 921), whose H share has stopped trading since 

2005. Therefore, a total of 27 companies are selected. The relevant period for each 

company under study is the date where the share started trading later in either Hong 

Kong or China’s market. The earliest data available is from 4 January 2000.  

Furthermore, as the Hong Kong H share prices are quoted in terms of Hong Kong 

dollars and A shares are quoted in terms of yuan (Chinese currency RMB), their prices 

are not directly comparable. Therefore, the H share prices are converted to yuan, since 

the exchange rate is relatively stable (Su and Chong, 2006). All the series are turned 

into natural log form in our analysis.  

Table 2 in Appendix displays the basic statistics for all the price series under study. 

The stocks are coded based on their Hongkong listing codes, for example the first 

stock 1033 refers to Sinopec Yizheng Chemical Fibre Co Ltd which can be 

cross-referenced in table 1. All shares in the following tables will be coded the shares 

the same way. Panel A exhibits the results for the individual indices. HSI seems to be 

more volatile in comparison with SSE A and SZE A in the period with reference to 

standard deviation. Panel B displays the descriptive statistics for individual shares. As 

the mean of share prices show, A shares are priced higher than H shares for all 50 

cross-listed companies.  
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2.1 Unit root test 

The test of cointegration requires that: (1) each price series is integrated in the same 

order, and (2) the linear combination of both non-stationary series is stationary (Harris, 

1995, p22). We relied on the augmend Dickey-Fuller (ADF) test in our analysis for 

the test of integration. 

The test in our research includes a constant in the formula and employs automatic lag 

length selection using information criteria of a Schwarz Information Criterion (BIC) 

and a maximum lag length of 25. The test is applied to individual indices and every A 

share and H share of the selected shares. If every series are found to be of the same 

order of I(1), they will be eligible to continue to be tested against cointegration tests.  

Table 3 in appendix presents the unit root test results. 

As the test results show, all of the time series under the time period studied, i.e. from 

January 2000 till February 2008, are strictly unit root series for 1 percent level.  

Therefore, cointegration tests can be used on them to examine the market linkages.  

 

2.2 Cointegration Tests 

The cointegration relationship is examined by a vector error-correction (VECM) form 

by the introduction of an error correction form and the variables are first differenced 

according to Brooks (2002, p403): 

tktktktt zzzz µ+Π+∆Γ++∆Γ=∆
−+−−− 1111 ...

     (1)
 

Where ),...( 1 ii AAI −−−−=Γ  (i=1,…, k-1) 
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∆ is the first-difference lag operator, zt is a (n×1) vector of I(1) process, which equals 

to ( ) and ( ) for indices, and ( ) for 

individual shares in our analysis. П is the error correction form of a (n×n) matrix of 

parameters whose rank is equal to the number of independent cointegrating vectors, or 

cointegrating equations. According to Davies (2006), the long-run behavior of the 

system is contained in the П matrix of estimated coefficients and the short run 

dynamic components of the system are in the Γ  matrices.  

The test of equation 1 will give us the result of the number of cointegrating equations 

by considering the rank of the П. Johansen (1988) proposes two methods for 

estimating the number of cointegration vector, namely the trace test and the maximal 

eigenvalues test.  The rank of a matrix is equal to the number of its eigenvalues 

denoted as λt.  

Those two tests are formulated as follows (Brooks, 2002, p404): 

                    (2) 

      

And           

                        (3) 

 

 

Where r is the number of cointegrating vectors under the null hypothesis and  is 
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the estimated value for the ith ordered eigenvalues from the П matrix.  is a 

joint test where the null hypothesis is that the number of cointegrating vectors is less 

than or equal to r against an unspecified or general alternative that there are more than 

r (Chen et al., 2002).  

In application to our data analysis, the combination of A index and H index, there 

could be no cointegrating relationships among them or at most two cointegrating 

relations. For individual stocks, since we include four variables in the model, there 

can be at most three cointegration relations or no cointegrating relationship at all. If 

cointegration exists, if means that the two markets are not totally segmented and there 

exists a long-run relationship between the cross-listed shares.   

 

3. Empirical results  

 

 As discussed above, China has undertaken major reforms in its capital market to 

improve its market efficiency. In the process, it inevitably opens up its market to the 

world gradually and hence it is assumed that it is more integrated with the world 

market. Two remarkable policy changes in the recent years in China and relevant in 

our time period study are: QFII and non-tradable share reform. As the policies of 

these two changes imply, they will improve the pricing efficiency of the mainland’s 

share market, which means that the pricing mechanism in China is more efficient and 

similar with the more advanced markets, while QFII further opens up China’s stock 

market to foreign traders. QFII is first introduced in 5 November 2002 while the 

non-tradable stock reform kicked off on 5 September 2005. In prior literature, it is 
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found that limited cointegration is documented between China’s A share and Hong 

Kong’s H share markets during the period of 1992 till 2004 (Groenewold et al, 2004; 

Su and Chong, 2006; Su et al, 2007). However, in Su et al (2007), A shares and H 

shares are reported to be more cointegrated in the year 2004 due to the launch of 

QFII.  

 Given a lapse of time, it is reasonable to argue that China is more integrated with the 

world markets, or at least with its surrounding area. This progress should also be 

reflected in the stock market, especially in cross-listing shares. Therefore, we assume 

that there is improvement in the degree of integration in China’s market. When 

reflected in the share prices, they should exhibit increasing level of integration, or 

from no cointegration to existence of integration. Furthermore, to make a comparison 

of the results with Su et al (2007) for robustness, we replicate their results for the 

period 1 January 2002 to 30 November 2004. To further test for the new period, we 

continue to test the remaining period which is 1 December 2004 to 21 February 2008. 

To sum up, the cointegration testing is carried out for three time periods, i.e. 1 January 

2000 to 21 February 2008 (full sample), 1 January 2002 to 30 November 2004 

(replicate sample), and 1 December 2004 to 21 February 2008 (new period).  

 

The test results for the cointegration tests for the three periods are presented in Table 4. 

In panel A, the test results for a system of equations where two variables are involved 

are presented. The first system of equations include SSE A and HSI, and the second 

system of equations include SZE A, and HSI. Panel B reports the cointegration test 
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results for the equity pairs of A shares, H shares, SSE A and HSI.  

 

Table 4 Johansen cointegration test results 

 

This table presents the Johansen (1988, 1991, 1995) cointegration test results whereby the number of cointegrating equation (or 

rank) is determined. Panel A presents the results for the combination of A, B ahd H share markets in Shanghai and Shenzhen 

indexes respectively. Panels B and C reports the test results for the twenty-seven  individual cross-listing shares. The sample period 

covers from January 4 2000 to Feburary 21 2008. The asymptotic critical values for this test are taken from 

MacKinnon-Haug-Michelis (1999). 

 2000-2008 2002-2004 2005-2008 

 Trace Max Trace Max Trace Max 

Panel A: Indices 

SSE A,  and HSI 

   r=0  11.19080  11.08610  9.278320  9.059684  9.278320  9.059684 

r ≤ 1  0.104705  0.104705  0.218637  0.218637  0.218637  0.218637 

SZA, and HSI 

r=0  10.43636  10.30107  9.278320  9.059684  9.278320  9.059684 

r ≤ 1  0.135293  0.135293  0.218637  0.218637  0.218637  0.218637 

Panel B: Individual stocks 

1033    

r=0  37.23911  16.39190  65.52515*  35.54266*  30.61219  13.39622 

r ≤ 1  20.84720  12.84260  29.98249*  19.79184  17.21597  9.335461 

1055    

r=0  54.98523*  27.56487  54.04665*  26.72696  44.92965  20.32927 

r ≤ 1  27.42036  16.26324  27.31969  17.72256  24.60038  14.96361 

1065      

r=0  37.81543  19.89853  37.05025  23.00810  34.28653  15.51290 

r ≤ 1  17.91690  10.43688  14.04215  8.365035  18.77363  14.08778 

1072     

r=0  43.79907  30.98411*  38.69013  18.29262  32.78352  17.94843 

r ≤ 1  12.81495  8.272886  20.39752  11.50037  14.83509  8.196329 

1108      

r=0  40.40475  17.32311  36.27497  18.11643  32.20277  13.49032 

r ≤ 1  23.08165  10.35520  18.15853  11.81867  18.71245  12.76748 

1138    

r=0  53.76358*  27.05069  37.45639  21.33521  64.27479*  43.01840* 

r ≤ 1  26.71289  15.47953  16.12117  9.947199  21.25639  13.37332 

1171      

r=0  44.79353  28.76261*  33.44742  14.20762  52.45155*  28.30702* 
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Table 3 Cont’d 

 2000-2008 2002-2004 2005-2008 

 Trace Max Trace Max Trace Max 

r ≤ 1  16.03092  9.168325  19.23981  11.15628  24.14452  14.99556 

168      

r=0  57.07937*  41.84296*  35.79623  17.16507  51.19734*  22.67944 

r ≤ 1  15.23641  9.589767  18.63116  11.68627  28.51790  19.94250 

177      

r=0  46.61688  27.99187*  35.47552  15.31042  45.35636  32.62332* 

r ≤ 1  18.62501  10.61700  20.16510  10.70892  12.73303  8.173443 

187      

r=0  50.18271*  28.74101*  28.09530  12.80162  43.53039  20.84380 

r ≤ 1  21.44170  11.68581  15.29368  8.524102  22.68659  15.72045 

300      

r=0  41.08396  23.53147  32.65493  20.57799  47.41831  29.28665* 

r ≤ 1  17.55249  10.03950  12.07694  6.049923  18.13166  11.06068 

317      

r=0  47.20200  29.49620*  44.42553  23.57242  41.92688  21.68981 

r ≤ 1  17.70580  11.04878  20.85311  14.60727  20.23707  13.11949 

323      

r=0  34.19015  18.90036  45.34555  26.54030  36.59331  22.10257 

r ≤ 1  15.28979  8.650901  18.80525  11.53273  14.49074  9.173120 

338      

r=0  50.15481*  31.48053*  48.01281*  30.29452*  45.15234  26.02064 

r ≤ 1  18.67428  10.18911  17.71829  11.91619  19.13171  12.15071 

347    

r=0  46.01104  29.10063*  48.06380*  24.60403  48.72588*  30.86231* 

r ≤ 1  16.91040  9.881788  23.45977  15.08162  17.86357  9.940143 

350      

r=0  38.72507  19.22068  33.13767  17.09558  45.20415  25.88403 

r ≤ 1  19.50439  11.61699  16.04208  10.10111  19.32012  15.32518 

358      

r=0  37.42268  21.58128  29.64803  14.26567  42.48261  28.30098* 

r ≤ 1  15.84140  10.94658  15.38236  9.706134  14.18163  8.357599 

386    

r=0  45.29869  25.54804  33.67320  17.48244  58.14399*  35.48860* 

r ≤ 1  19.75065  11.11381  16.19076  9.525037  22.65539  16.10480 

42    

r=0  37.03559  21.10247  40.80911  20.87107  36.88560  18.02490 

r ≤ 1  15.93312  8.920005  19.93804  11.99347  18.86071  14.12027 

548      

r=0  34.53810  20.91958  24.30861  12.22251  43.64516  22.31097 

r ≤ 1  13.61852  7.931746  12.08609  8.004218  21.33419  14.46091 
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Table 3 Cont’d 

 2000-2008 2002-2004 2005-2008 

 Trace            Max Trace Max Trace Max 

553      

r=0  46.64541  28.48605*  27.97190  15.92852  44.45870  21.11821 

r ≤ 1  18.15935  10.78466  12.04339  6.466577  23.34049  14.43590 

670      

r=0  50.05239*  27.98599*  45.39326  24.59546  51.53083*  25.12724 

r ≤ 1  22.06640  11.21868  20.79780  13.67445  26.40359  15.64577 

719      

r=0  41.07706  19.95808  28.32600  15.24928  53.35744*  29.12441* 

r ≤ 1  21.11898  11.24338  13.07672  7.257418  24.23303  15.50625 

874      

r=0  67.11915*  51.02324*  26.16311  12.30634  40.13491  21.26919 

r ≤ 1  16.09591  11.17061  13.85677  7.332345  18.86572  11.90053 

902      

r=0  51.29151*  34.82938*  40.08224  22.24201  36.58449  20.94689 

r ≤ 1  16.46213  12.37269  17.84023  12.15900  15.63760  10.67587 

914      

r=0  33.01952  18.70903  27.63907  12.96634  64.84285*  23.93159 

r ≤ 1  14.31049  7.841420  14.67273  9.706994  40.91126  19.91639 

995      

r=0  30.13722  15.85890  30.37219  14.72796  35.93257  20.30420 

r ≤ 1  14.27832  9.157733  15.64423  8.756241  15.62837  10.61881 

* Denotes rejection at the 0.05 level 

The second and third column of table 4 report the cointegration test results for the 

whole sample period. For the purpose of cointegration test, the rank of r is examined 

which equals the number of cointegrating vectors. If the rank of r is zero, it implies no 

cointegration is found. If the r is between zero and full rank, cointegration is 

suggested. The trace test results are used as the major criterion while max test results 

are able to further confirm the trace test results. (Chan et al, 2001; Su et al, 2007) 

According to Siklos and Ng (2001), the number of cointegrating vectors reported 

based on the trace test is thought to have more power than the max test. Therefore, the 

decision of detecting cointegration relationship is mainly carried on the analysis of 
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trace test. The null hypothesis of r≤1 is not rejected in all cointegration tests cases. 

Hence, the trace statistics of the null hypothesis of up to r≤1 is reported. The critical 

values are provided in Johansen and Juselius (1990). In this study, n equals two for 

indices and four for individual price series. The 95 percent critical values for indices 

are 15.494, 3.841 for λtrace, and 14.264, 3.841 for λmax, corresponding to r of zero, one, 

or two, respectively. The 95 percent critical values for individual shares are 47.856, 

29.797, 15.494, 3.841 for λtrace, and 27.584, 21.131, 14.264, 3.814 for λmax, 

corresponding to r of zero, one, two or three, respectively.  

Before we examine the results of the full sample period, the replicate period is 

compared first with Su et al (2007). In their paper in regard to the period from 1 

January 2002 to 30 November 2004, there are a total of six shares that found 

cointegrated out of 29 sample shares according to trace test. Excluding the two shares 

they found cointegrated but not including in our sample, which are share Jilin 

Chemical Industrial Co. Ltd (368.HK) and Guangdong Kelon Electrical Holdings Co. 

Ltd (921.HK), there are a total of four shares. In our replicate sample period, there are 

four shares cointegrated out of 27 sample shares. Comparing the results with Su et al. 

(2007)’s paper, the results are consistent and hence, it is suggested that our test results 

are robust.   

In regard to our full sample period, our first hypothesis is that China’s market is still 

segmented with Hong Kong’s market, as per discussed before. For the test results 

presented in panel A, either Shanghai’s A share index are cointegrated with Hong 

Kong’s market, nor do Shenzhen’s A share index. Therefore, China’s A share market 
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is segmented with Hong Kong’s market as suggested by market indices. For the result 

presented in panel B, there are a total of six shares found cointegrated confirmed by 

both trace test and max test at 5 percent level. The hypothesis of more than one 

cointegration vectors are rejected for all of them. Therefore, those six shares are 

cointegrated with one cointegrated relationship. Additionally, according to trace test 

criterion alone, there are a total of eight shares cointegrated, which implied that the 

cointegration has become stronger during the whole sample period, while the earlier 

period under study, i.e. the replicate period, there are only four shares found 

cointegrated with trace test criterion. However, as the majority of the shares are not 

cointegrated as well as for the indices, our first hypothesis is confirmed, that China 

and Hong Kong’s stock markets are not cointegration due to ownership restrictions 

(Laurence et al. 1997; Su et al. 2007).  

 

Hence, it is intuitive to suggest that China’s market has been slowly integrated with its 

surrounding capital markets, in particular the Hong Kong market. Nevertheless, due to 

its ownership restrictions and institutional features, it is still segmented. Therefore, we 

undertake cointegration test on the cross-listed shares in the third sample time period, 

1 December 2004 to 21 February 2008. If the two institutional changes are successful, 

it follows that China’s market will be more efficient and hence A share price should 

be closer to the fundamental values. Therefore, A- and H- share prices should move 

more closely. For example, limited cointegration relationship is found in the early 

period and there are increased shares that are cointegrated in the third sample period. 
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However, the failure to establish improved cointegration does not necessarily imply 

that the institutional changes are unsuccessful. The results of for the period of 2004 to 

2008 are presented in Table 4. 

As the results shown in panel A of Table 4, the evidence shows rejection of 

cointegration relationship for the indices in the third sample period and hence 

rejection of improved cointegration in the third period for the market indices. With 

regard to panel B, there are a total of five shares found cointegration with one 

cointegration vector according both tests. In reference to trace test, there are a total of 

eight shares cointegrated with one cointegrated vectors. Compared with the replicate 

sample period, which has approximately same number of observations, there are 

stronger cointegrated relationships between the cross-listed shares. Compared with the 

whole sample period, the improvement is not obvious.  

It is concluded on the basis of the cointegration analysis that prices for the two stock 

markets are not cointegrated so that there is no long-run equilibrium relationship 

between them. It is consistent with Su and Chong (2005) and Su et al (2007). 

However, for the replicate sample period, which is the earlier period, there is weak 

evidence of cointegrated, which seems to have become stronger in the later sample 

period. Our evidence supports our second hypothesis, that non-tradable share reforms 

and QFII has contribute to market linkages of China and Hong Kong’s stock markets.  
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4. Conclusions 

This paper addresses the above literature gap by analyzing the relative new time 

period security data using cointegration technique. To distinguish the period before 

and after the policy change, the sample period is further divided into two sub-periods. 

It is found that there are improvement in the number of shares that found cointegrated, 

which confirms with Su et al. (2007)’s paper. It can be concluded that those policy 

changes have taken effect in the markets. However, China’s market is still segmented 

with Hong Kong, since most shares are not cointegrated.  
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Appendix 

Table 1 Summary information for China’s Cross-listed A- and H- shares 

Table 1 lists the exclusive companies that trade their shares both in A share market and H share market by the end of 

February 2008. The last column indicate the price difference of the same class of shares in two markets, i.e. price 

difference=price of A share market/Chinese yuan equivalent of H share market price. As can be seen from the table, by 

the end of February 2008, H shares have been trading at a large discount to A shares. There are a total of 50 companies 

cross-listed both in A and H share markets.  

No. 
CN 

Code 

HK 

Code  
Name HK Listing 

CN 

Listing 

China 

Exchange 

Price 

Difference* 

1 600871 1033 Sinopec Yizheng Chemical Fibre Co Ltd 29/03/1994 11/04/1995 SSE     4.73 

2 600029 1055 China Southern Airlines Co Ltd 31/07/1997 25/07/2003 SSE 3.16 

3 600874 1065 
Tianjin Capital Environmental Protection 

Co 
17/05/1994 30/06/1995 SSE 3.19 

4 600875 1072 Dongfang Electrical Machinery Co Ltd 06/06/1994 10/10/1995 SSE 2.07 

5 600876 1108 Luoyang Glass Co Ltd 08/07/1994 31/10/1995 SSE N/A 

6 600026 1138 China Shipping Development Co Ltd 11/11/1994 23/05/2002 SSE 1.85 

7 600188 1171 Yanzhou Coal Mining Co Ltd 01/04/1998 01/07/1998 SSE 1.65 

8 600600 168 Tsingtao Brewery Co Ltd 15/07/93 27/08/1993 SSE 1.69 

9 600377 177 Jiangsu Express 27/06/1997 16/01/2001 SSE 1.37 

10 600860 187 Beiren Printing Machinery Holdings Ltd 06/08/1993 06/05/1994 SSE 4.32 

11 600806 300 Shenji Group Kunming Machine Tool Co 07/12/1993 3/01/1994 SSE 2.74 

12 600685 317 Guangzhou Shipyard International Co Ltd 06/08/1993 28/10/1993 SSE 1.98 

13 600808 323 Maanshan Iron & Steel Co Ltd 03/11/1993 06/01/1994 SSE 2.23 

14 600688 338 Sinopec Shanghai Petrochemical Co Ltd 26/07/1993 08/11/1993 SSE 3.95 

15 000898 347 Angang Steel Co Ltd 24/07/1997 25/12/1997 SZE 1.51 

16 000666 350 Jingwei Textile Machinery Co Ltd 02/02/1996 10/12/1996 SZE 3.83 

17 600362 358 Jiangxi Copper Co Ltd 12/06/1997 11/01/2002 SSE 2.86 

18 600028 386 China Petroleum & Chemical Corporation 19/10/2000 08/08/2001 SSE    2.27 

19 000585 42 Northeast Electric Development Co Ltd 06/07/1995 13/12/1995 SZE 4.81 

20 600548 548 Shenzhen Expressway Co Ltd 12/03/1997 25/12/2001 SSE 1.75 

21 600775 553 Nanjing Panda Electronic Co Ltd 02/05/1996 18/11/1996 SSE 5.35 

22 600115 670 China Eastern Airlines Corporation Ltd 05/02/1997 05/11/1997 SSE 3.19 

23 000756 719 Shandong Xinhua Pharmaceutical Co Ltd 31/12/1996 06/08/1997 SZE 3.92 

24 600332 874 Guangzhou Pharmaceutical Co Ltd 30/10/1997 6/02/2001 SSE 2.81 

25 600011 902 Huaneng Power International, Inc 06/12/2001 06/12/2001 SSE 2.05 

26 600585 914 Anhui Conch Cement Co Ltd 21/10/1997 07/02/2002 SSE 1.3 

27 600012 995 Anhui Expressway Co Ltd 13/11/96 7/01/2003 SSE 1.43 

28 000921 921 Hisense Kelon Electrical Holdings Co Ltd 23/07/1996 13/07/1999 SZE N/A 

29 601398 1398 Industrial and Commercial Bank of China 27/10/2006 27/10/2006 SSE    1.38 
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TableTableTableTable 1 Cont’d 
No. 

CN 

Code 

HK 

Code 
Name HK Listing 

CN 

Listing 

China 

Exchange 

Price 

Difference 

30 600036 3968 China Merchants Bank Co, Ltd 22/09/2006 09/04/2002 SSE 1.31 

31 601088 1088 China Shenhua Energy Co Ltd 15/06/2005 09/10/2007 SSE 1.54 

32 601628 2628 China Life Insurance Co Ltd 18/12/2003 09/01/2007 SSE 1.44 

33 601857 857 PetroChina Co Ltd 07/04/2000 05/11/2007 SSE 2.23 

34 601600 2600 Aluminium Corporation of China Ltd 12/12/2001 30/04/2007 SSE 2.43 

35 601318 2318 Ping An Insurance (Group) Co of China Ltd 24/06/2004 01/03/2007 SSE 1.36 

36 601328 3328 Bank of Communications Co, Ltd 23/06/2005 15/05/2007 SSE 1.43 

37 601998 998 China CITIC Bank Corporation Ltd 27/04/2007 27/04/2007 SSE 2.24 

38 601919 1919 China COSCO Holdings Co Ltd 30/06/2005 26/06/2007 SSE 1.82 

39 601390 390 China Railway 03/12/2007 07/12/2007 SSE N/A 

40 601111 753 Air China Ltd 15/12/04 18/08/2006 SSE 2.92 

41 601991 991 Datang International Power Generation Co, 21/03/1997 20/12/2006 SSE 3.4 

42 601808 2883 China Oilfield Services Ltd 20/11/2002 28/09/2007 SSE 2.26 

43 601939 939 China Construction Bank Corporation 27/10/2005 25/09/2007 SSE 1.52 

44 000063 763 ZTE Corporation 09/12/2004 18/11/1997 SZE 1.76 

45 601333 525 Guangshen Railway Co Ltd 14/05/1996 22/12/2006 SSE 1.68 

46 600027 1071 Huadian Power International Corporation 30/06/1999 3/02/2005 SSE 3.31 

47 601588 588 Beijing North Star Co Ltd 14/05/1997 16/10/2006 SSE 3.85 

48 000338 2338 Weichai Power Co Ltd 11/03/2004 30/04/2007 SZE 2.18 

49 601005 1053 Chongqing Iron & Steel Co Ltd 17/10/1997 28/02/2007 SSE 2.85 50 601988 3988 Bank of China Ltd 07/12/2006 05/07/2006 SSE 1.87 
*Denotes: The price difference in Table 1 is defined as price of A shares divided by price 

of H shares, as of the date of February 21 2008. 
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Table 2 Descriptive statistics for stock price series 

 Mean Maximum Minimum Kurtosis Jarque-Bera Standard 

Deviation 

Panel A       

SSE A 2058.707 6395.76 1062.45 7.533 333.898 1082.208 

SZE A 561.456 1659.61 119.23 6.449 2199.358 305.8191 

HSI 14570.51 31638.22 8409.01 4.814 775.094 4326.331 

Panel B:  Individual  

Stocks 

    

1033 A share 5.529 16.110 1.840 6.501 1911.976 2.357 

H share 1.779 10.590 0.679 26.81605 51262.740 1.311 

1055 A share 6.483 28.730 2.240 6.500 1317.597 6.402 

H share 3.672 13.416 1.644 6.865 1377.161 2.148 

1065 A share 7.198 12.830 2.830 2.093 69.178 2.477 

H share 1.940 5.854 0.287 4.240 376.881 1.042 

1072 A share 17.096 96.020 4.520 8.049 3988.835 19.908 

H share 9.275 71.333 0.286 7.576 3353.452 15.516 

1108 A share 6.288 13.220 2.170 2.059 87.516 2.696 

H share 0.943 2.866 0.329 7.047 1523.619 0.341 

1138 A share 10.409 43.390 3.730 6.619 1787.670 8.626 

H share 7.106 26.275 1.243 4.455 618.294 5.665 

1171 A share 10.097 26.950 4.990 6.609 2111.861 3.709 

H share 5.695 17.176 0.956 2.758 228.751 3.696 

168 A share 11.225 43.290 5.91 9.244 5216.658 7.364 

H share 7.201 33.803 0.797 5.691 1394.275 6.144 

177 A share 7.652 11.680 4.360 1.812 104.590 1.981 

H share 3.505 9.693 0.945 3.167 201.127 1.900 

187 A share 7.086 14.250 2.680 2.374 62.654 2.562 

H share 1.838 4.198 0.393 2.933 2.408 0.759 

300 A share 10.241 36.140 2.840 5.649 1362.623 6.367 

H share 2.982 22.411 0.372 10.495 6781.692 3.883 

317 A share 12.654 97.390 2.260 10.144 6697.818 18.710 

H share 6.457 64.963 0.339 8.939 4996.861 12.682 

323 A share 3.853 15.100 2.090 9.463 5395.591 2.107 

H share 1.969 8.373 0.233 4.014 540.125 1.771 

338 A share 5.400 21.840 2.660 9.601 5549.819 3.290 

H share 2.181 6.843 0.435 2.363 166.778 1.443 

347  A share 6.341 38.200 2.390 10.209 6642.21 6.749 

H share 4.42 34.389 0.287 7.747 3367.45 5.879 

350 A share 6.469 14.010 2.420 2.383 64.004 2.424 

H share 2.105 6.797 0.511 6.066 1585.321 1.177 

358 A share 11.189 75.190 3.830 9.230 3875.750 13.214 

H share 5.348 29.912 0.616 6.932 1774.578 5.266 

386  A share 6.038 28.490 2.690 7.947 2933.632 4.986 
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Table 2 Cont’d 

 Mean Maximum Minimum Kurtosis Jarque-Bera Standard 

Deviation 

H share 3.488 12.605 0.775 4.107 497.675 2.598 

42 A share 4.463 9.940 1.49 2.255 95.281 1.725 

H share 0.900 3.732 0.254 8.087 3607.317 0.578 

548 A share 6.547 14.860 2.820 3.433 16.919 2.377 

H share 3.096 9.134 1.020 3.746 396.321 1.822 

553 A share 10.445 20.990 2.630 2.082 88.561 4.391 

H share 2.190 4.998 0.835 2.977 159.544 0.791 

670 A share 5.106 22.810 2.130 14.750 13781.25 3.149 

H share 1.607 9.405 0.681 16.058 16884.19 1.266 

719 A share 8.234 24.850 2.480 2.521 136.858 4.319 

H share 1.608 3.883 0.478 3.293 72.881 0.621 

874 A share 9.343 18.010 3.990 0.341 99.987 3.434 

H share 3.064 9.008 0.849 3.448 448.055 1.856 

902 A share 9.814 20.900 4.200 2.426 6.335 3.848 

H share 6.634 15.505 3.612 5.014 814.613 2.111 

914 A share 17.284 91.270 5.080 6.092 1548.895 19.824 

H share 15.104 84.716 1.743 6.259 1553.144 16.817 

995 A share 5.924 10.950 4.150 3.499 324.838 1.518 

H share 4.222 7.133 1.509 1.683 81.454 1.642 
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Table 3 Augmented Dickey-Fuller Test Results 

Panel A:    

 Lag Length Level First Difference 

SSE A 2 0.621705 -43.82353* 

SZE A 1 -0.829615 -15.43060* 

HSI - 0.491640 -44.35169* 

 

Panel B:    

 Lag Length Level First Difference 

1033 A share 
1 

-1.205392 -41.27915* 

          H share -0.802230 -42.79710* 

1055 A share 
1 

1.009076 -29.85614* 

          H share -0.741997 -28.68629* 

1072  A share 
1 

1.243051 -41.06367* 

           H share 0.116558 -41.51318* 

1065 A share 
1 

-1.474585 -41.46341* 

          H share -1.845590 -45.65580* 

1108 A share 
1 

-0.851931 -39.00928* 

         H share -2.560585 -43.35444* 

1138  A share 
1 

0.378881 -35.33728* 

          H share -0.683262 -27.98621* 

1171 A share 
1 

-1.318278 -44.65444* 

          H share -1.103817 -41.50980* 

168 A share 
2 

0.716223 -43.37210* 

         H share -0.408624 -44.57789* 

177 A share 
1 

-1.517829 -42.32843* 

        H share -1.416793 -30.97440* 

187 A share 
1 

-1.459026 -42.47882* 

       H share -2.297985 -45.33221* 

300 A share 
1 

-0.593531 -39.81354* 

        H share -1.063419 -46.16111* 

317 A share 
1 

0.913896 -41.04972* 

       H share 0.291445 -44.39348* 

323 A share 
1 

-0.754098 -41.77306* 

       H share -0.865331 -43.62189* 

338 A share 
1 

-0.494652 -39.12670* 

        H share -1.030592 -42.52938* 

347  A Share 
1 

0.695625 -40.90644* 

         H share -0.315754 -42.67348* 

350 A share 
1 

-1.312595 -41.72612* 

        H share -1.974253 -42.86944* 
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Table 3 Cont’d 

 Lag Length Level First Difference 

358 A share 
1 

0.817735 -34.78173* 

       H share -0.515536 -34.92683* 

386  A share 
1 

0.642460 -38.60937* 

        H share -0.679926 -39.11061* 

42 A share 
1 

-1.652887 -35.70871* 

     H share -2.149160 -38.43543* 

548 A share 
1 

-1.262999 -42.84632* 

        H share -0.437436 -43.50230* 

553 A share 1 -1.617679 -40.34456 

       H share  -2.900644 -38.55286* 

670  A share 
2 

-0.034135 -37.56606* 

       H share -0.782557 -41.82772* 

719 A share 
1 

-1.279536 -40.20278* 

       H share -2.266721 -45.75946* 

874  A share 
1 

-1.118917 -41.01097* 

        H share -1.722786 -39.81443* 

902  A share 
1 

-1.355449 -37.22760* 

         H share -2.460863 -37.83459* 

914  A share 
1 

1.059674 -37.26624* 

       H share -0.307423 -35.29069* 

995 A share 
1 

-1.432856 -37.10527* 

       H share -1.588821 -33.98685* 

*denotes rejection at 1% level 
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 Abstract:  
Australia’s ratification of the Kyoto Protocol and the recent release of the Carbon 
Pollution Reduction Scheme Green Paper affirm the Government’s commitment 
toward carbon emissions reduction and the advancement of the environmental cause. 
Using a naïve model which maximises the environmental cause at the expense of 
financial impact on the economy, this paper highlights how the failure of the first 
phase of the European Union Emissions Trading Scheme can be attributed to the 
over-relaxation of parameters crucial to the success of the scheme as measured by 
verified reduction in emissions. The Government’s preferred position as elucidated in 
the Green Paper is then contrasted in this context to illustrate the possible sources of 
failure that are currently engendered in the Scheme. The implementation of the 
Scheme will impose great compliance costs on the economy – we argue that the 
Government’s over zealous protection of business interests may ultimately lead to 
failure of the Scheme, in which case the businesses and community would have 
incurred the financial burden over nothing. 
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1. Introduction 

As more scientific research produce evidence that reinforce the negative impact 

greenhouse gasses have on climate change, the knee-jerk solution is to reduce the total 

emission of these gasses globally. These gasses are collectively termed as “carbon-

equivalent” or just “carbon” for simplicity in definition and measurement. The Kyoto 

Protocol is tasked with the objective of reducing global carbon emissions and sets 

short and long term reduction trajectories accordingly. Each country signatory is then 

mandated to reduce its emissions in line with these trajectories.  

 

Australia’s recent ratification of the Kyoto Protocol and the subsequent release of the 

Carbon Pollution Reduction Scheme (CPRS) Green Paper signal the Rudd 

Government’s firm commitment toward carbon pollution control and environmental 

protection. In developing the Green Paper, the Government relies on several key 

sources for information and feedback, including the Garnaut Climate Change Review 

(commissioned by the Government), the National Emissions Trading Taskforce, the 

European Union Emissions Trading Scheme (“EU ETS”) and other schemes that are 

already in operation in certain Australian states and territories as well as elsewhere in 

the world. 

 

The implications of this significant step are immense for Australian businesses, 

particularly pollution emitters, and while the economy as a whole is expected to be 

affected, the precise potential financial impact is an unknown factor which is unable 

to be reliably measured. Achieving the environmental aim and minimising the 

economic impact at the same instance are two rather separate objectives made even 

more difficult by their inherent inverse relationship with each other. Needless to say, 
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it is imperative that the Australian CPRS works to not only reduce carbon pollution 

over time, but to do so at minimum costs. For these concerns to be met, the CPRS has 

to be well designed with policies well implemented in order to provide as much 

regulatory and financial certainty to businesses and other participants.  

 

Using design assessment criteria specifically stated by the Government, this paper 

highlights several key weaknesses in the Scheme which can potentially contribute to 

its failure. We introduce a naïve model which maximises the environmental objective 

as well as the experience from the European Union Emissions Trading Scheme as our 

basis of argument. Our paper is particularly motivated by the failure of reducing 

overall emissions in Europe despite the presence of a scheme since 2005. 

Additionally, this study contributes to the understanding of policy factors which 

influence the outcomes of the scheme, and is therefore helpful to the Australian 

Government which has stated previously that “the Government’s overriding objective 

is to get the design right” (Green Paper Summary, pg.10). The subject matter of this 

study has been received by the Government in the form of a submission and is 

published online.1 

 

This paper is organised as follows. The next section describes the generic ‘cap-n-

trade’ currently used in carbon reduction schemes. Section 3 introduces the naïve 

model which is a cap-n-trade scheme that maximises the environmental cause at the 

expense of economic impact, while section 4 illustrates how the failure of the 

European Union Emissions Trading Scheme can be attributed to the over relaxation of 

the parameters crucial in determining the success of the scheme. Section 5 
                                                 
1 The submission can be viewed here: 
http://www.climatechange.gov.au/greenpaper/consultation/pubs/0721-school-of-accounting-and-
finance.pdf 
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summarises Australian Government’s preferred position under the Green Paper 

including design assessment criteria. Section 6 highlights key weakness areas of the 

Scheme which could contribute to its failure. Lastly, section 7 concludes. 

 

2. The Role of a Generic Emissions Trading Scheme: the Cap–n–Trade 

Approach 

 

For the most effective reduction in pollution output, all carbon emitters would be 

required to reduce their emissions over time according to each signatory country’s 

declared carbon reduction trajectories.2 For an effective reduction in global emissions, 

emitters would have to incur a financial penalty for emission at a price which is costly 

enough to justify investment in comparatively cleaner technologies and/or methods 

resulting in lower actual output of emissions.  

 

In the cap-n-trade approach, all carbon emitters would be required to offset their 

emissions by the use of trading permits either with or without the use of alternative 

carbon offsets. These trading permits are expected to be distributed and/or auctioned 

off to emitters and non-emitters alike at regular intervals provided that the units of 

CO2-e covered in these permits do not exceed the trajectory set by the government. 

The number of permits is therefore set to a “cap”. Each trading permit has definable 

proprietary (both legal and equitable) rights to facilitate the transfer of these rights, 

and is retired upon use to offset a specific amount of emissions3. Accordingly, a 

secondary market in which the trading of carbon permits between market participants 

takes place is expected to exist.  
                                                 
2 Australia has not made such declaration at the time of writing but is scheduled to do so at the end of 
2008. 
3 Currently set at 1 ton of CO2-e gasses. 

 6

2346



The use of this cap-n-trade approach as the basis of the generic ETS engenders 

multiple objectives. The Green Paper, while unclear with the specifics of an 

Australian ETS, nevertheless signals its intention to adopt the cap-n-trade approach 

rather than a carbon tax.  

 

The Government has stated that the development of the Scheme will be guided by the 

following principles: 

• The scheme will be a 'cap and trade' scheme. That is, it will set an overall 

environmental cap by issuing a set number of permits, and allow entities to 

trade permits, thereby putting a price on carbon. 

• The caps will be designed to place Australia on a low emissions path in a way 

that best manages the economic impacts of transition, while assuring our 

ongoing economic prosperity. 

• The scheme will have maximal coverage of greenhouse gases and sectors, to 

the extent that this is practical. The broader the scheme's coverage, the more 

cost-effectively it will reduce greenhouse gas emissions, and more fairly 

spread the burden of such reductions across the community. 

• The scheme will be designed to enable international linkages, while ensuring it 

suits Australia's economic conditions. 

• The scheme design will address the competitive challenges facing emission-

intensive trade-exposed industries in Australia. 

• The scheme will also address the impact on strongly-affected industries. 

• Measures will be developed to assist households - particularly low income 

households - to adjust to the impact of carbon prices. 
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It is clear from the above principles that the Government is aware of the need to 

achieve this country’s environmental objective with due consideration to financial 

impact to the economy. Given that the Government is responsible for setting and 

defining the key parameters of the framework in the Scheme, this juggling act is 

ultimately determined by a political process which can be subjected to manipulative 

pressures from other interests.  Setting a cap that is too high for fear of financial 

backlash jeopardises the environmental objective as less pressure is put upon emitters 

to conform; while setting a cap that is too strict on emitters would substantially 

increase the financial impact on the economy. 

 

In highlighting what we argue are potential key deficiencies in the Scheme, for the 

purpose of comparison, we rely on a rudimentary ETS framework which maximises 

the environmental objective but disregards the financial impact it may cause. 

Additionally, we examine the reasons why the EU ETS has failed to reduce overall 

verified emissions during its first phase of operation as basis to illustrate how an 

environmental conservation scheme can fail in this context.  

 

3. The Naïve Model 

As the starting point of our discussion, we introduce a strict ETS model which 

maximises the environmental objective and which, by necessity, ignores its economic 

impact. This ‘naïve’ model is then compared to the carbon pollution reduction 

schemes in Europe and Australia to illustrate our argument that certain elements of 

the Australian model may potentially be deficient in achieving the environmental 

objective. 
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We envisage this naïve model to utilise the cap-n-trade approach. In our model, 

assuming that the emission limit for a specific year is 1,000 kilo tons of CO2-e gasses, 

then a similar amount will be covered by carbon trading permits, which, if specified at 

1 ton per permit, would equate to 1 million permits. Since no carbon offset is allowed, 

an emitter who emits for example 10 kilo tons of CO2-e gasses per year will be 

required by the regulatory framework to offset its emissions using 10,000 permits. 

The shelf-life of each permit is limited to one year, and all emitters regardless of size 

or industry are covered under this model. All permits are auctioned off in an 

ascending manner with combined amount of CO2-e covered in the permits not 

exceeding the trajectory declared for that year. The financial penalty for non-

compliance is set so impossibly high that it ceases to be an issue. 

 

With a declared set of emission reduction trajectory in place, and given no other 

alternative mean of offsetting emissions beside the use of permits, the supply of 

permits will decrease over time, thereby making scarcity of permits an important 

consideration to emitters. Unless demand for these permits adjusts, the price of carbon 

permits is expected to rise, ceteris paribus.  With the same or increased in output 

production, emitters who do not consider cleaner ways of achieving this level of 

output and/or invest in research & development in cleaner production methodology 

will bear the brunt of the costs of emission. Eventually, the cost of acquiring carbon 

permits will outgrow the cost of reducing actual emissions in this model, in which 

case emitters would have no other choice but to start exploring cleaner ways of 

production, or to reduce production, or shut down completely in the extreme when 

business is not viable given the costs. In any of these scenarios, the environmental 
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objective is maximised at all cost. Any impact on the economy or industry 

competitiveness is considered.  

 

As can be seen, while the naïve model demonstrates how the environmental objective 

is the one and only focus, its lack of consideration of economic and business impact 

renders it an impractical one to implement. Accordingly, it is to be expected that any 

cap-n-trade scheme would be in practice a more relaxed model with better treatment 

of economic and financial costs. However, as next section shows in Europe, the over-

relaxation of the model, as seen in the lenient setting of key parameters in the EU 

scheme, for the purpose of protecting businesses has rendered the EU scheme 

ineffective in combating emissions output. 

 

4. Relaxations of the Naïve Model: Lessons from EU ETS 

No rational government would pursue a strict model such as the one described above. 

The political process is subjected to pressure from various sources, particularly from 

the collective influence of businesses whose interests will not be ignored by 

governments.  

 

Evidence from the EU ETS suggests that companies implement typical project 

selection exercise in determining the cheapest method to offset emissions. That is to 

say, although compliance with the scheme is required by law, emitters would seek the 

most cost-effective way to do so as profitability is arguably a more important factor 

than environmental care. Indeed, the European Commission reported on 23rd May 

2008 that during the first phase of the EU ETS (2005 – 2007), the 24 EU member 

states (not including Romania, Bulgaria and Malta) have achieved a change in 
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verified emissions ranging -20.8% to 28.5%, with an overall increase in emissions by 

1.9% in that period. As can be seen from Table 1, results in emission change range 

widely with Sweden achieving the best result. Finland and Estonia are the worst 

culprits with both increasing emissions by over 20% respectively in that period. 

Clearly, this outcome undermines the intention of their scheme and thus the EU ETS 

has been described as a failure. 

Table 1: Verified Emissions from European Union Members, 2005 – 2007.  
 
This table illustrates the verified emissions of 24 European Union members during the first phase of 
operation of the European Union Emissions Trading Scheme (EU ETS). Figures are in metric tonnes 
of CO2. 
 

Verified Emissions Change
2005 2006 2007 2005-2007

Austria  33,372,826 32,382,804 31,751,165 -4.90%
Belgium 55,363,223 54,775,314 52,795,318 -4.60%
Cyprus 5,078,877 5,259,273 5,396,164 6.20%
Czech Republic 82,454,618 83,624,953 87,834,758 6.50%
Germany 474,990,760 478,016,581 487,004,055 2.50%
Denmark 26,475,718 34,199,588 29,407,355 11.10%
Estonia 12,621,817 12,109,278 15,329,931 21.50%
Spain 183,626,981 179,711,225 186,495,894 1.60%
Finland 33,099,625 44,621,411 42,541,327 28.50%
France 131,263,787 126,979,048 126,634,806 -3.50%
Greece 71,267,736 69,965,145 72,717,006 2.00%
Hungary 26,161,627 25,845,891 26,835,478 2.60%
Ireland 22,441,000 21,705,328 21,246,117 -5.30%
Italy 225,989,357 227,439,408 226,368,773 0.20%
Lithuania 6,603,869 6,516,911 5,998,744 -9.20%
Luxembourg 2,603,349 2,712,972 2,567,231 -1.40%
Latvia 2,854,481 2,940,680 2,849,203 -0.20%
Netherlands 80,351,288 76,701,184 79,874,658 -0.60%
Poland 203,149,562 209,616,285 209,601,993 3.20%
Portugal 36,425,915 33,083,871 31,183,076 -14.40%
Sweden 19,381,623 19,884,147 15,348,209 -20.80%
Slovenia 8,720,548 8,842,181 9,048,633 3.80%
SK  25,231,767 25,543,239 24,516,830 -2.80%
UK  242,513,099 251,159,840 256,581,160 5.80%
  
Total  2,012,043,453 2,033,636,557 2,049,927,884 1.90%
Source: European Commission press release 23rd May 20084. 

                                                 
4 “Emissions trading: 2007 verified emissions from EU ETS businesses”, viewed 25th July 2008, 
<http://europa.eu/rapid/pressReleasesAction.do?reference=IP/08/787&format=HTML&aged=0&langu
age=EN&guiLanguage=en#fn1> 
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The first phase of the EU ETS covered approximately 12,000 installations 

representing some 40% of EU CO2 emissions. Under the EU scheme, the EU member 

states agree on national emission caps which have to be approved by the European 

Commission, allocate free allowances to their industrial operators under each 

member’s National Allocation Plan, track and validate the actual emissions against 

the emission caps, and require the allowances to be retired after the end of each year.  

 

There are three lessons from this failure: 

(1) Lax emission reduction targets culminated in unambitious emission caps. This 

suggests a tentative commitment, at best, by EU member countries. With some 

countries achieving a growth in emissions of over 20%, the caps set by most 

EU member states are simply not ambitious enough. Indeed, caps set for the 

power sector are far too lenient compared to other sectors, resulting in 

inequitable carbon reduction requirements. 

(2) The over allocation (as compared to business-as-usual emissions level) of free 

carbon trading permits provided no incentive for businesses to reduce 

emissions. The over allocation of permits occurred in 20 out of the 24 

reporting EU member countries. EU member states have given away under 

their respective National Allocation Plans far too many free allowances to 

their installations, particularly to the power sector which is a major source of 

pollution. Moreover, as Ecofys reported in August 20045, several countries 

have given more allowances than estimated to be needed under business-as-

usual scenario. This implies that no practical effort is necessary to reduce 

emissions in these countries since current level of emissions is more than 
                                                 
5 Ecofys Interim Report on National Allocation Plans, August 2004, viewed 15th August 2008, 
<http://www.ecofys.co.uk/com/publications/gate.asp?fn=documents/Interim_Report_NAP_Evaluation
_180804.pdf> 
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enough covered by carbon permits. This was confirmed in May 2006 when 

several carbon registries reported that their industries were given more 

allowances than they could possibly use. The price of carbon emission 

spiralled immediately after, reaching an all time low of €0.03 per ton in 

December 2007.6 With permits trading at super cheap prices, and no issue 

whatsoever with scarcity in terms of the availability of allowances and carbon 

permits, it is not surprising to find that the EU ETS has failed so remarkably. 

(3) The EU ETS allocated free carbon permits to business installations (entities) 

which were significant polluters and thus further undermining the purported 

intentions of their scheme.   

 

While the EU carbon market is overseen by a neutral regulator, the setting of the 

emissions cap and the National Allocation Plan are specific to each government of the 

member states. The failure of the EU scheme due to above factors strongly suggests 

that these governments have been materially influenced by economic and business 

concerns. Indeed, European businesses have manipulated the scheme by passing on 

costs to consumers even though the permits were allocated to them with zero 

consideration.  The International Herald Tribune observed: “the carbon trading system 

has created a multibillion-euro windfall for some of the continent's biggest polluters, 

with little or no noticeable benefit to the environment so far.”7 

 

If governments are reluctant to boldly confront the environmental issue and thus 

directly and/or indirectly undermine the mechanics of an effective carbon scheme as a 

result, we argue that there is no point having an EU ETS in the first place. 

                                                 
6 Prices obtained from the European Energy Exchange, < http://www.eex.com/en> 
7 Kanter, J., 9th December 2008, “EU carbon trading system brings windfalls for some, with little 
benefit to climate”, viewed 12th December 2008 
<http://www.iht.com/articles/2008/12/09/business/windfall.php> 
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Compliance to any form of scheme requires costs, and in this case there is no 

justifying additional financial cost investment without any real credible collective 

effort in achieving the objectives of the scheme. A poorly constructed scheme not 

only fails in meeting the environmental objective but also create an inequitable time-

sink forced upon businesses and households 

5. Australia’s Carbon Pollution Reduction Scheme at a Glance 

The CPRS Green Paper, published by the Department of Climate Change, puts 

forward the Australian Government’s preferred positions on the Carbon Pollution 

Reduction Scheme. It is stated that the overall framework of the CPRS is to achieve 

the environmental objective in the most efficient and cost effective way.8 Emissions 

trading is the mechanism of the Scheme, and the framework and design options of the 

Scheme are to be assessed according to the following assessment criteria (Green 

Paper Preferred Positions, pg. 35): 

 

1. Environmental integrity 

2. Economic efficiency 

3. Minimisation of implementation risk 

4. Policy flexibility 

5. Promotion of international objectives 

6. Implications for industry competitiveness 

7. Accountability and transparency 

8. Fairness 

 

                                                 
8 The meaning of efficiency and cost-effectiveness can be subjectively interpreted. In regards to the 
latter, it is interesting to note that this is a departure from the Garnaut Report which used the phrase 
“…to deliver emissions reduction at the lowest possible cost to the domestic economy” (Garnaut 
Report, pg. 321) 
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The major key elements are summarised as follows: 

 The Scheme to start in 2010. All six Kyoto gases to be included. 

 Current coverage is about 1000 operators comprising approximately 70% of 

current Australian emissions. Petrol is included. Possible inclusion of 

agriculture in 2015. 

 Obligation to surrender permits sets at an emission threshold for facilities of 

25kt of CO2-e per annum. 

 Annual emissions cap to be set on a rolling five year basis. 

 A range of assistance mechanisms will be granted to industries most affected 

by the Scheme (known as Emissions-Intensive Trade-Exposed Industries, or 

EITEs): 

o Activities with emissions intensity above 2kt CO2-e per dollar million 

revenue will at first be granted free permits that cover approximately 

90% per unit of output. Free permits granted will decrease to 60% for 

activities with emissions intensity of 1.5kt CO2-e per dollar million 

revenue. The total amount of free permits given will use approximately 

30% of total available number of permits. 

 Special assistance is also given to Strongly-Affected Industries (SAIs) which 

include coal fired electricity generators. Size of fund to be determined in 

White Paper. 

 A Climate Change Action Fund will be established to fund investment in, inter 

alia, lower carbon technology and to raise awareness for businesses. 

 Australian carbon permits will be auctioned off on a quarterly basis by a 

regulator. 
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 The rights under the permits are fully described and are fully transferrable. 

Equitable interests can be registered against these rights. 

 Legal transfer of the permits possible only via a registry. 

 As these permits will have no use-by date, the unlimited banking of these 

permits will therefore be permitted. An entity may borrow up to 5% of 

emissions units from future years’ caps. 

 A cap on permit price for the period 2010 – 2015 to be set higher than the 

expected market level. 

 Design of the Scheme to be compatible with international schemes thereby 

making market linkages a future possibility. 

 Accounting guidance to be determined by national and international standard 

setters. 

 

In regard to the governance of the Scheme, the Government/Parliament sets the key 

rules such as caps and reduction targets, international links, permit allocation rules 

etc. A Scheme regulator will be established to make independent decisions based on 

rules set in legislation. 

 

As expected, the Green Paper addresses (though not fully) both environmental and 

economic objectives. The Government is now opened for submissions9 for future 

consideration in the development of the Scheme.  

 

As discussed before, the lessons from the EU ETS have proven important in 

suggesting that the setting of the trajectories and caps and the assistance given in the 

                                                 
9 Submission to the Green Paper is now closed. 
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form of allowance to industrial operators are both crucial factors in determining the 

success or failure of the Scheme. Australia’s position in this regard is not fully known. 

Indeed it is interesting to note the Government’s willingness to grant assistance 

without properly addressing how the assistance arrangement can help affected 

industries reduce their emissions rather than passing on the costs to consumers. 

Perhaps more importantly, the development of the Green Paper itself suggests a 

political process that is more concerned with business interests since these are 

addressed more explicitly than Australia’s proposed trajectories and caps.  

 

6. Key Weakness Areas of Australia’s Scheme 

As the experience from Europe has shown, good intentions toward environmental 

conservation do not necessarily produce the requisite result.   Indeed, as the Garnaut 

Report (pg. 321) observes, “seemingly small compromises will quickly erode the 

benefits that a well designed emissions trading scheme can provide”.  

 

We detail in this section five areas which we argue are potential shortfalls in 

Australia’s Scheme. While these areas can be individually identified, the respective 

areas are inherently intertwined.  

 

6.1 Government as policy setter 

The crux of this area of weakness is the age-old question of “who governs the 

government”. The determination of crucial parameters in the Scheme is to be made by 

a political process which can be materially influenced by lobby groups pursuing their 
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respective interests or by submissions made by individuals and organisations10. 

Indeed, the Garnaut Report warned against such influence when it observed (on pg. 

343): 

 

“In recent public debate and commentary, it has been apparent that industries 

will seek to influence the design of any such assistance arrangements in ways 

that maximise their respective returns from the scheme. This is to be expected. 

It also signals the scale of the challenge faced by policy makers in not 

becoming distracted by vocal and well organised interests.” 

 

It is important to observe that the Scheme Regulator, while tasked with making 

independent decisions, does so based on rules already set in legislation. Additionally, 

as the Green Paper itself suggests, independent recommendations made by the 

Garnaut Review are not always readily adopted by the Government.11  

 

The setting of critical elements such as the short and long term emissions reduction 

trajectories and the allocation of free permits, inter alia, directly defines the strictness 

of the Scheme, and thereby signals the Government’s intentions in regards to the 

environmental objective, as our naïve model illustrates earlier. While it is not for this 

study to put forward an opinion on this matter, it is interesting to note nevertheless 

that the Government has appeared to have taken a modest stance on emissions 

                                                 
10 A list of submissions made to the Green Paper can be viewed online here: 
http://www.climatechange.gov.au/greenpaper/consultation/submissions.html 
11 Various visible “discrepancies” exist. For example, Garnaut Report recommends that no permit is to 
be freely allocated whereas the Government has signalled its intentions to do so to protect certain 
emissions-intensive industries. 
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reduction targets.12 This is in spite of recent Government’s plan to expand coal 

exports in Newcastle.13 

 

6.2 Links with international schemes 

Linkage with international carbon markets is recommended by the Garnaut Report 

and is also provided for in the Green Paper. The Government has indicated that it is 

carefully calibrating its response in light of international action, and has made the 

minimisation of implementation risk an early priority for the sake of establishing a 

stable/predictable start up. However, this vision is not adequately substantiated by 

more detailed definition of key elements. This creates an added layer of uncertainty to 

businesses as Scheme obligations and other variables may change with the 

introduction of international links. 

 

6.3 Uncertainty on how certain industries are to be protected. 

Emissions intensive industries will be significantly affected by the introduction of the 

Scheme. If no assistance is rendered, these industries would face immediate 

deterioration in profitability, market-share and therefore competitiveness in the 

international setting.  With no effective short-term response to the Scheme14, these 

industries may be forced to relocate their emissions intensive operations away from 

                                                 
12 See for example: Wilkinson, M. , 1st December 2008, “Australia squibs on climate promise”, Sydney 
Morning Herald < http://www.smh.com.au/news/environment/climate-promise-
uturn/2008/11/30/1227979844927.html>and Wilkinson, M. and Cubby, B., 10th December 2008, 
“Wong to resist calls for greenhouse cuts”, Sydney Morning Herald. < 
http://www.smh.com.au/news/environment/global-warming/wong-to-resist-calls-for-greenhouse-
cuts/2008/12/09/1228584839266.html> 
13 Sydney Morning Herald, 14th December 2008, “Large targets needed in ETS: Greenpeace”. < 
http://www.smh.com.au/news/environment/global-warming/large-targets-needed-in-ets-
greenpeace/2008/12/14/1229189428795.html> 
14 In the steel industry for example, emissions are inherently unavoidable given the chemical processes 
that are involved in the production of steel. 
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Australia, thus costing jobs to Australia and not creating an impact on reduction of 

global emissions. 

 

The Green Paper acknowledges that emissions intensive industries, such as the EITEs 

and SAIs, should be provided with transitional assistance. For the former, up to 30% 

of total number of permits will be freely allocated. A special fund (not fully defined) 

will be established to assist SAIs. However, crucial questions remain to be answered. 

The Government admits the need to balance support for EITE firms with other 

community interests by adjusting EITE assistance over time to ensure equitable 

contribution. It is also stated however that withdrawal of assistance “depends on 

international developments”, with “thresholds and rates of assistance to be finalised in 

light of additional information”.15  

 

6.4 The issue of scarcity of carbon permits 

The naïve model shows that scarcity is introduced when the number of permits is 

effectively capped if permits have limited shelf-life and are all surrendered at the end 

of the compliance period. Under the proposed Scheme, while the number of permits 

available per year will be capped according to the reduction trajectory, permits will 

however have an indefinite life, are bankable for future use, and limited number of 

permits from future years (called ‘vintage’) can be borrowed for current use. 

Additionally, a carbon bank will be established and empowered to lend limited 

number of permits. These characteristics arguably convolute the issue of scarcity in 

actual practice. It is important to note that scarcity forms the first guiding principle of 

scheme design according to the Ganaut Report, which asserts (at pg. 323) that 

                                                 
15 Green Paper Roadshow Presentation, pg.  25 & 29. 
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“…where the scarcity of permits is uncertain…this will distort resource allocation 

decisions and impose unnecessarily high costs on the economy”. 

 

6.5 Timing of implementation 

The Australian Opposition asserts that the Scheme is too rushed and is in need of 

more extensive consultation with stakeholders.16 It can also be argued that 

implementation of the Scheme should be delayed so that international action on 

climate change can be more readily discerned. Moreover, given the recent credit crisis 

which has affected the world’s economy, and which has lead to depressed business 

and consumer confidence as well as recessions in several developed countries, the 

commencement of the Scheme in 2010 will impose unwelcome costs on a recovering 

Australian economy.  

 

7. Conclusions 

The release of the Carbon Pollution Reduction Scheme reinforces Australia’s 

commitment to emissions reduction and environmental protection.  This paper 

highlights the crucial and inverse relationship between achieving effective carbon 

pollution reduction with minimal costs to businesses and the community, the 

balancing act which is determined by a political process. In doing so, we showed a 

model which maximises the environmental objective (the naïve model) and illustrates 

the failures of the scheme in the European Union where the scheme has been 

extensively relaxed compared to our naïve model for fear of economic backlash. We 

argue that, once committed, the Scheme has to work as a whole in reducing carbon 

emissions for it to justify the compliance and other associated costs on the economy. 
                                                 
16 Joint press conference with Malcolm Turnbull, Leader of the Opposition, and Andrew Robb, shadow 
minister assisting the Leader on Emissions Trading Design. 
<http://www.liberal.org.au/news.php?Id=2302> Accessed 12th December 2008. 
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There are several key areas in the Scheme which we highlighted as potential shortfalls 

which can contribute to the failure of the Scheme. We also show that the Australian 

Government, in its development of the CPRS, has shown more concern toward non-

environmental interests by being more upfront with the assistance available to 

affected industries, and less transparent in regards to setting the carbon reduction 

trajectories and the cap which are both crucial in determining the success or failure of 

the Scheme. 
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Abstract:  
 
In this paper, we decompose credit default swap (CDS) spreads into a transitory 
component and a persistent component and test how these components are affected by 
the theoretical explanatory variables. We use three benchmark iTraxx Europe indices 
of two different maturities (5 and 10 years) and extract the components in the 
framework of Schwartz and Smith (2000). We then regress these components against 
proxies for several commonly used explanatory variables. We find significant but 
differing impacts of these explanatory variables on the extracted components. For 
example, equity volatility seems to have a larger influence on the transitory 
component, suggesting that its effect may be mostly short-lived, while our proxy for 
illiquidity has a bigger impact on the persistent component, which suggests that its 
effect is more enduring. Surprisingly, our proxy for the credit rating premium is not 
even significant in explaining two of the 10-year indices, but has a large effect on the 
persistent component. Finally, the slope of the yield curve has impacts with opposite 
signs on the two components and thus helps address the conflicting results reported in 
earlier studies without such a component framework. These results indicate that a two 
factor formulation, similar to Hull and White (1994) interest rate model, may be 
needed to model CDS options.  
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1. Introduction 

 

Research on credit risk has developed rapidly over the last decade or so. Stimulated 

by proactive regulatory developments, different classes of models have been put 

forward to measure, manage, price and forecast credit risk. Coupled with other 

developments in the credit derivatives market, more incisive research in this market is 

not only attractive but necessary for better understanding by all participants. Its 

importance lies not only in risk management activities using Credit Default Swaps 

(CDS) for hedging purposes, but also for anyone trying to profit from arbitrage 

possibilities within the CDS market. 

A credit derivative is an over-the-counter derivative that is designed to transfer 

credit risk from one party to another. By dynamically adjusting credit exposures, they 

allow institutions to manage credit risk more effectively. The latest survey conducted 

by British Banker’s Association (BBA) (2006) estimated that by the end of 2006 the 

size of the market would be $20 trillion and at the end of 2008 the global credit 

derivatives market could expand to $33 trillion. This growth is expected to continue. 

Not only is the credit derivatives market growing in total nominal amounts 

outstanding, it also is attracting an increasingly diversified group of users. Except for 

the risk management units in large commercial banks, who are the traditional users, 

investment banks, hedge funds, and other investors are using credit derivatives to 

profit from arbitrage opportunities in the market. Many are attempting to exploit 

arbitrage opportunities between the credit derivatives market and the underlying bond 

and stock market, to hedge positions taken in other markets and also for pure 

speculation or regulatory arbitrage (Bystrom (2006)).  

While there are many variations of credit derivatives, the Credit Default Swap 

(CDS) is among the most intuitive, and is commonly cited as a basic “building block” 

for more complex structures. The owner of a CDS receives the bond’s face value if 

the underlying bond defaults. Rather than paying for this default insurance in a lump 

sum, the holder makes periodic payments until the underlying bond either defaults or 

matures. If one writes these periodic payments as a percentage of the face value per 

annum, this quantity is known as the CDS spread (or sometimes, as a CDS price).  

The CDS spread does behave much like a credit spread.  In our data (which 

essentially consists of averages of CDS spreads, as we discuss in section 4) we 

observe CDS spreads ranging from 20 basis points to 500 basis points, roughly. Note 
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that there are also bid CDS spreads and ask CDS spreads. It is commonly recognized 

that the credit default swap spread is a comparatively “pure” measure of credit risk 

(Ericsson et al. (2004)). Therefore, the study exploring the determinants and the 

dynamics of the CDS plays a central role when evaluating credit risk related securities 

and projects. 

This paper is closely related to these works mentioned above, but with a 

difference. Firstly, we decompose the CDS series of two different maturities into its 

component structures - a short-term factor and a long-term factor. Secondly, we 

explore the determinants for each of them separately. To the best of our knowledge 

this paper is the first such attempt to look at the determinants of credit default swap 

spreads form the perspective of short-term and long-term dynamics.  

Here we develop the argument in favour of analysing the CDS spreads from 

the viewpoint of component structures. It may be argued that the common factors 

should be relevant for all maturities of CDSs whether long or short. However, the 

incorporation of information from different explanatory variables affects CDS spreads 

differently in time and speed. For example, bad or negative news has an almost instant 

impact on credit spread changes while the impact of good or positive news is much 

more restrained (Hull et al. (2004)). Also, Norden and Weber (2004) find that the 

CDS spreads are influenced by the level of the old rating, previous rating events and 

the pre-event average rating level of agencies. Obviously, the time these influences 

last is different based on their previous credit rating. For credit default swap spreads 

with underlying entities having higher credit ratings, the influence of micro and macro 

elements does not differ much in the short-term and the long-term. On the other hand, 

for credit default swap spreads with underlying entities having lower credit ratings, 

the impact of these elements should differ in the short-term and long-term. The credit 

default swap spreads with underlying firms having lower credit ratings will be more 

sensitive to the bad news than that of their higher credit rating counterpart firms in the 

short-term.  

Another example of differing influences could be seen as follows. The 

probability that a firm, which is currently in a rather low credit rating category, would 

be upgraded is higher in the long run compared to that of a firm which is already in a 

relatively higher credit rating category. Also just as illiquidity could affect bonds with 

different maturities to a different extent, the illiquidity could also affect long-term 

CDSs and short-term CDSs to a different extent. Moreover the assessment of overall 
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economic health of investors in the future would influence the long-term factor 

differently from that of the short-term factor. 

Now that we have established the case for component structures for CDS 

spreads the question is how we infer these components given that we only have 

observations on CDS spreads directly. In this respect we follow the framework of 

Schwartz and Smith (2000). We include two unobserved components in the model in 

such a way that one would capture the long-term dynamics and the other one would 

capture the short-term dynamics. The long-term factor is thought to describe the 

equilibrium spread level (representing a constant fundamental spread level) and is 

assumed to evolve according to a Brownian motion with drift reflecting the business 

cycle, development of the credit derivatives market, as well as political and regulatory 

effects. The short-term deviations, which are defined as the difference between spot 

and equilibrium prices, are expected to follow a mean reverting process. These 

deviations may reflect, for example, portfolio adjustments or intermittent market 

disruptions, and temporary credit changes. Since neither of these factors is directly 

observable, we can set up the problem in a state space framework and use standard 

Kalman filtering techniques to make optimum inferences about the state variables.  

In this paper we focus on different indices of CDS spreads, namely the iTraxx 

family which can be treated as portfolios, so the idiosyncratic differences are rendered 

trivial. We, thus, care more about the common factors behind all these CDS spreads. 

Also we choose three benchmark iTraxx indices, namely iTraxx Europe, iTraxx 

Europe Hivol and iTraxx Europe Crossover. This allows us to have a whole view of 

the European CDS market just by examining these three indices. Overall, our results 

show that with the quick development of the CDS market (or credit derivatives 

market) the level of CDS spreads is falling during the sample period. This may mainly 

result from the enhanced efficiency and liquidity of this market. For firms in different 

credit rating categories, the short-term and long-term behavior is different. The credit 

default swap spread for underlying entities with higher credit ratings tends to be more 

volatile in the long-term while the credit default swap spread for underlying entities 

with lower credit rating tends to be more volatile in the short-term. Our results also 

demonstrate that most theoretical explanatory variables, as documented by other 

researchers, have significant impacts on credit default swap spreads and they do 

impact short-term and long-term dynamic of CDS spreads differently. Moreover, 
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these variables can explain more variations of long-term dynamic in CDS spreads 

compared to those of short-term dynamic. 

The remainder of this paper is organized as follows. Section 2 gives the related 

literature review. Section 3 presents a description of the recent development of the 

Credit derivatives market and the iTraxx index which is the research objective in this 

paper. Section 4 provides the data and the methodology. In sector 5 we give the 

empirical results and explanations of our findings. Section 6 concludes the paper.  

 

2. Literature Review 

 

In the contemporary literature on credit derivatives, theoretical and empirical work 

has mostly concentrated on estimation of default probabilities and determinants of 

credit risk. Most of these studies, however, use the corporate bond spread, also called 

the credit spread. The credit spread is generally defined as the yield of corporate bond 

minus the yield on a government bond with comparable maturity.  

Longstaff and Schwartz (1995a, b) use annual data from 1977 to 1992 in a 

regression based analysis of the change in credit spread against the change in the 30-

year-Treasury rate and the return on an appropriate equity index. Irrespective of 

maturity, they find the intercept term and coefficients of change of the 30-year-

Treasury rate increase in absolute magnitude as the credit quality decreases. Wilson 

(1997a, b) examined the effects of macro-economic variables, namely, GDP growth 

rate, unemployment rate, long-term interest rate, foreign exchange rate and aggregate 

savings rate, in estimating the default rate level. Collin-Dufresne, Goldstein and 

Martin (2001), on the other hand, investigated the determinants of credit spread 

changes using dealer’s quotes and transition prices on industrial bonds. They show 

that the proxies for three theoretical determinants namely, default risk, recovery rate 

upon default and liquidity have rather limited explanatory power. Their results 

actually suggest that monthly credit spread changes are mainly driven by local 

supply/demand shocks that are independent of both credit-risk and standard proxies 

for liquidity.  

Studies which directly focus on the determinants of CDS spreads are also 

developing rapidly in recent years. Skinner et al. (2003) use arguments from option 

pricing theory and suggest that the CDS spread should be highly dependent on the 

risk-free short rate, the yield of the reference obligation, the interest rate volatility, the 
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time to maturity and the recovery rate. They find that four of these variables, namely 

the risk-free short rate, the yield of the reference obligation, the interest rate volatility 

and the time to maturity, contain significant information. Benkert (2004) conducts a 

regression analysis using CDS panel data, incorporating variables such as credit 

rating, liquidity, leverage, historical volatility and implied volatility. He finds that 

implied volatility has a stronger effect than the historical volatility, and that both 

remain relevant in the presence of credit ratings which contribute an equal amount of 

explanatory power.  

The goal of this paper is to develop a model that is realistic but simple enough 

to capture the dynamic behaviour of CDS spreads and explore its potential 

determinants through its component representation. Schwartz and Smith (2000) devise 

such a component modelling approach by considering short-term variation and long-

term dynamics in commodity prices. In their model the natural logarithm of the 

commodity price is assumed to be the sum of these two components. The short-term 

component is assumed to revert back to zero based upon its mean reversion speed and 

the long-term component is assumed to be a random walk with a deterministic trend. 

In essence, the interpretation of long-term and short-term factors in their model is in 

line with persistent and temporary components, respectively. Zhou and Qing (2000) 

take a similar approach, working with logarithmic stock prices.  

 

 

 

3. Credit Derivatives Market and iTraxx Indices  

 

The structured credit derivatives market encompasses a wide range of capital market 

products designed to transfer credit risk among investors through over-the-counter 

transactions. According to a recent survey by the British Banker’s Association (BBA), 

which is carried out every two years, the growth of the global credit derivatives 

market has outperformed expectations from the 2004 BBA survey which predicted a 

market size of $8.2 trillion by 2006. But in its 2006 survey report, the estimated size 

of the market was $20 trillion and at the end of 2008 the global credit derivatives 

market is expected to expand to $33 trillion. Figure 1 plots the global market size of 

credit derivatives from 1996 to 2008 (estimated). 
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 This growth may have been driven by several factors. For example, it is well 

known that credit derivatives are designed to meet the needs of risk management as 

well as develop credit arbitrage techniques to create new investment products. Under 

increasing pressure to improve financial performance, banks have turned to the credit 

derivatives market to diversify their credit risk exposures and to free up capital from 

regulatory constraints (Duffee and Zhou (2001)). Another reason would be the 

presence of significant credit arbitrage opportunities across different market sectors, 

for example, loans and bonds and across different countries. Structured credit entails 

applying financial engineering techniques to leverage these opportunities and create 

customised financial products for investors including credit linked notes and 

repackaged notes. 

As mentioned in the introduction, while there are many variations of credit 

derivatives, Credit Default Swap (CDS) spreads are among the most intuitive. From 

Table 1, obtained from the British Banker’s Association 2006 Credit Derivatives 

Report, single-name credit default swaps still represent a substantial section of the 

market although its share has fallen to 33%. During the same time period, the share of 

full index trades has increased to 30% as of the first quarter of 2006 and has become 

the second largest section of the credit derivatives market.  

When it comes to the participants in the credit derivatives market, as predicted 

in the previous survey, hedge funds have become a major force, their share of volume 

in both buying and selling credit protection having almost doubled since 2004. 

However, banks still constitute the majority of market participants.  

In a manner similar to the way a stock index is created, a CDS index, for 

example the iTraxx index is a portfolio of single-name credit default swaps which 

should diversify any diversifiable risk. The iTraxx index family consists of various 

indices of the most liquid CDS contracts in Europe and Asia (in the US, since April 

2004, a similar family of indices is called the Dow Jones CDX). The benchmark 

iTraxx Europe index comprises 125 equally-weighted investment grade European 

names which are selected by a dealer poll based on CDS volume traded over the 

previous six months. Other than the benchmark iTraxx Europe index, there are two 

other popular benchmark iTraxx indices. These are the benchmark iTraxx Europe 

Crossover index comprising the 50 sub-investment grade entities from iTraxx Europe 

and the benchmark iTraxx Europe Hivol index consisting of the 30 names with the 

widest CDS spreads from iTraxx Europe.  
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The iTraxx indices typically trade 5 and 10-year maturities and a new series is 

determined by a dealer liquidity poll every 6 months. The Europe and Hivol indices 

also trade 3 and 7-year maturities. The indices are managed and administrated by the 

International Index Company that is owned by a group of the largest global 

investment banks. All index quotes for our study have been made available by the 

International Index Company.  

 

4. Data and Methodology 

 

This section provides the detailed description of the data and methodology we 

adopted in this paper. These include the iTraxx indices, the theoretical explanatory 

variables of credit default spreads, and the state-space model for extracting the 

components. 

 

4. 1 Data 

 

This paper examines the natural logarithm of the CDS index represented by three 

benchmark iTraxx indices. The theoretical explanatory variables considered in this 

paper are: the short interest rate, the slope of yield curve, the stock market volatility, 

the bid-ask spread for each iTraxx index and each maturity and credit rating premia. 

The data consists of daily time series (749 observations), covering the period June 21, 

2004 to May 29, 2007. The iTraxx indices and the level of the interest rates are 

expressed in basis points, annually. All computations are carried out with the natural 

logarithm of these variables to be consistent. 

 

4.1.1 iTraxx Index Characteristics 

 

The three benchmark iTraxx indices used in this study are iTraxx Europe, iTraxx 

Europe Hivol and iTraxx Europe Crossover. These three benchmark iTraxx indices 

give us a complete overview of the whole European CDS market. All these indices are 

traded with 5-year as well as 10-year maturity and are denominated in Euro.  

iTraxx Europe is made up of 125 equally weighted investment grade Europe 

names, and is used as a benchmark index. These 125 component names are updated 

every 6 months by a dealer poll based on CDS volume traded over the previous 6 
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months. Table 4 lists the component names for each of three benchmark iTraxx 

indices in series 7 which is an iTraxx index time series covering the period from 

September 20, 2006 to March 19, 2007. A crossover index comprises the 25 most 

liquid sub-investment grade non-financial names and a Hivol index consists of 30 

investment grade names with the widest CDS spread from the 125 names in iTraxx 

Europe.  

Figure 2 plots these iTraxx indices along the time axes and gives readers a 

rough idea of the dynamic behaviour of the CDS index. Table 2 gives descriptive 

statistics for both (the natural logarithm of) the iTraxx index level and its first 

difference. For example, in logarithmic form, index levels range from 3.0143 to 

6.2222, which correspond to CDS spreads of exp(3.0143) = 20.4 basis points to 

exp(6.2222) = 503.8 basis points. 

There are several points we would like to emphasize based on Figure 2. 

Firstly, it is not surprising that the iTraxx index level is monotonically increasing with 

the maturity which is consistent with the upward slope of the term structure of CDS 

spreads. Secondly, we notice that there is a less obvious downward trend in our 

sample period which is quite different from recent credit derivatives markets which 

suffered from the collapse of the U.S. subprime market. Also, during the sample 

period, the most obvious downward trend, which is a narrowing of the spread, 

demonstrated in the first nine months before the problems faced by General Motors 

(GM) and Ford. Ford and General Motors are two of the world's biggest car 

companies, as recorded by the web site of www.financialpolicy.org. GM had $290 

billion in outstanding debt and Ford had another $160 for a total of $450 billion. 

Given the massive size of the auto makers’ debt, this turbulence seems to have spread 

across the Atlantic to the European auto sector and thus affected the whole iTraxx. 

For example, the iTraxx Autos 5Y was up 16.45 basis points from 65.66 basis points 

on 5 May, 2005 to 82.11 basis points on 18 May, 2005; while  iTraxx Europe 5Y 

raised from 42.56 basis points to 57.89 basis points during the same period. Despite 

this turbulence in the credit derivatives market, the overall downward trend in our 

iTraxx indices during our sample period are observable in our estimation results and a 

more detailed discussion is given in a later section.  

Thirdly, it is interesting to notice that the spreads between the 5-year maturity 

and the 10-year maturity are wider with passing time, which may be because the 5-

year contract became more actively traded than the 10-year maturity with the 
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development of the CDS market. It also may be the impact of the leverage ratio. The 

mean-reversion feature (Collin-Dufresne and Goldstein (2001)) in the leverage ratio 

can significantly increase the credit spreads of long-term debt but has little impact on 

the short-term credit spreads since the change in the default boundary in the short 

term is negligible.  

Fourthly, turning to Table 2, to the extent that the spread is a compensation for 

credit risk, it is not surprising that the sub-investment-grade firms are considered 

riskier by the market.  Accordingly, the iTraxx Europe Crossover index gives the 

widest CDS index spread in the sample period which is consistent with theoretical and 

empirical results that the credit rating is the main determinant of the credit default 

swap spread. For example, the average credit rating for iTraxx Europe is A2/A2, 

while it is Ba3/B1 for iTraxx Europe Crossover. More detailed description about 

credit rating can be found in a later section. The standard deviations for each spread 

are quite close to each other, with a standard deviation about 219% on an annual basis 

and this deviation is much higher than that of a stock index.  

When it comes to the distribution of daily log differences on iTraxx index and 

stock index we find that the distribution for a CDS index is much more skewed and 

leptokurtic than that of log differences on a stock index. This log difference on the 

iTraxx index is also at least two to three times more volatile compared to stock index 

return. The volatilities for CDS spreads range from 23.8% - 42.7% on an annual basis, 

while in the case of stock index the volatility is around 12.6% on an annual basis. All 

these observations tend to indicate that the CDS market is reacting relatively more 

strongly to credit deteriorations than credit improvement in comparison to the stock 

market. With reference to the three iTraxx indices, the iTraxx Europe Crossover index 

has especially significant large positive skewness and kurtosis. This may indicate that 

the CDSs with lower previous grade react relatively more strongly to credit 

deteriorations than credit improvements as suggested by Norden & Weber (2004).  

While adopting the framework of Schwartz and Smith (2000) to decompose 

the iTraxx index into the two components, that is the short-term and the long-term 

dynamics, we need to confirm the non-stationarity of the original iTraxx indices. In 

order to do that, we perform both the Augmented Dickey-Fuller test and the Phillips-

Perron test for these series. For robustness, we try different model specifications and 

different lags. The results are quite similar and for simplicity, here we just list the 

results for the unit root test without trend and with four lags. The Unit Root test shows 
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that all iTraxx indices are non-stationary at the 5% significance level while all daily 

log-difference on iTraxx indices are stationary.  

 

4.1.2 Discussion on Explanatory Variables  

 

Published literature, for example Ericsson et al (2005) and Abid et al (2006), has 

argued about the importance of several explanatory variables to determine the market 

wide movements of credit spreads. In the context of CDS spreads it is customary to 

use these variables to explain their variations. In this paper we also use those variables 

to analyse the components of CDS spreads. Specifically, the explanatory variables in 

this paper include credit ratings, the short-term interest rate, the slope of the yield 

curve, equity volatility and some measure of liquidity. 

 

Credit Rating:  

The premium related to credit rating is a very important determinant of credit related 

securities including CDSs. In this paper, we use the difference between the iTraxx 

Europe Crossover index level and the iTraxx Europe index level to proxy the credit 

rating premia effect. We would expect it be more related to the short-term factor. As 

pointed out by Norden and Weber (2004) the abnormal performance in the CDS 

market is influenced by the level of the old rating, previous rating events and also the 

pre-event average rating level of all agencies. This means that the credit default swap 

spreads of the underlying entity with lower credit rating are more sensitive in the 

short-term. But of course it should have an impact on the long-term factor as well but 

the extent of this influence should not be as strong.  

Credit ratings for sovereign and corporate bond issues have been produced by 

rating agencies such as Moody’s and Standard and Poor’s (S&P) for many years. In 

the case of Moody’s the best rating is Aaa. Bonds with this rating are considered to 

have almost no chance of defaulting in the near future. The next best rating is Aa. 

After that comes A, Baa, Ba, B and Caa. The S&P ratings corresponding to Moody’s 

Aaa, Aa, A, Baa, Ba, B, and Caa are AAA, AA, A, BBB, BB, B, and CCC, 

respectively. To create finer rating categories Moody’s divides its Aa category into 

Aa1, Aa2, and Aa3 and so on. Similarly S&P divides its AA category into AA+, AA, 

and AA-. Only the Moody’s Aaa and S&P AAA categories are not subdivided. 
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Ratings above or on Baa3 (Moody’s) and BBB- (S&P) are referred to as investment 

grade.  

Since there is no credit rating assigned to the iTraxx index directly, the rating 

of iTraxx index in this paper is calculated as the average of the ratings of its 

component companies. Although each new series of iTraxx index is determined every 

6 months and the entity name incorporated in each index may change over different 

series, the change in average credit ratings is thought to be trivial. So in this paper we 

calculate the average credit rating based on iTraxx Europe Series 7 membership list 

which can be found on the web site of International Index Company. The rating 

assessed for each issuer by Moody’s and S&P are quite similar and we adopt the 

rating of Moody’s if there is a rating provided; otherwise, we adopt the rating of S&P. 

We use a numerical equivalent of the credit rating exhibited on Table 3. In Table 4 we 

provide the average credit rating for each of our three benchmark iTraxx indices. It is 

not surprising that the iTraxx Europe Crossover has the lowest credit rating with 

average Ba3/B1, while the iTraxx Europe has the highest credit rating corresponding 

to the lowest CDS spread.  

Figure 3 plots the credit rating premia for both 5-year maturity indices and 10-

year maturity indices, which is calculated as the logarithm of the level of the iTraxx 

Europe Crossover index minus the logarithm of the level of the corresponding iTraxx 

Europe index. The two curves are almost parallel, which on one hand confirms that 

the credit rating is a key determinant of a credit default swap spread as well as time to 

maturity. It also shows that the proxy for the credit ratings formed in this paper is 

quite reasonable.  

 

Short Term Interest Rate:  

It is widely argued that credit risk cannot be priced independently from market risk, 

especially interest rate risk (Jarrow & Yildirim (2002)). For example, Duffie and 

singleton (1999) assume that the intensity of default in reduced form models is a 

stochastic process that derives its randomness from a set of variables such as the short 

term interest rate. Several choices can be made for the short interest rate proxy. Ait-

Sahalia (1996a, b) used seven-day Eurodollar rates and Stanton (1997) used three-

month Treasury bill rates, for example. Taking consideration of market region and 

data accessibility, we use the 3-month Euribor rate as the proxy for the short term 

interest rate. We obtained this data from Datastream. Daily observations are used and 
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we apply the 3-month Euribor rate for the day prior to the credit default swap quote. 

Figure 4 plots these 3-month Euribor rates covering our sample period.  

A negative relationship between the level of the short term interest rate and the 

credit spread has been documented for several datasets; see for example Longstaff and 

Schwartz (1995 a, b) or Duffee (1998). Similarly, Abid and Naifar (2005) find the use 

of the risk-free interest rate as an explanatory variable increases the total adjusted 2R  

and the variable risk-free interest rate is negatively correlated to the levels of credit 

default swap spreads. That is, an increase in the short term interest rate leads to a 

reduction in the spreads. Generally credit risk results from the default of punctual 

commitment represented by the principal and interest payments owed to a debt holder. 

Therefore when we examine its influence on both the short-term and the long term 

factors, it is reasonable to hypothesize that the short term interest rate will have more 

influence on the short-term factor compared to the long-term factor.  

 

Slope of the Yield Curve:  

The slope of yield curve, which can be interpreted as an indication of overall 

economic health, has the following predicted impact on CDS spreads. Theoretically, 

an increase in the slope of the yield curve should increase the expected future short 

term interest rate and as a result, a decrease in CDS spreads if the negative 

relationship between credit risk and the short term interest rate hold. The slope of the 

yield curve is measured as the difference between the long term interest rate and short 

term interest rate. Here we use the European 10-year government bond yield minus 

the European 2-year government bond yield. All these daily data are download form 

Datastream and as with the short term interest rate, we take the data for the day prior 

to the credit default swap quote and plot it in Figure 4. Figure 4 demonstrates two 

different patterns with the short term interest rate and the slope of yield curve. For the 

short term interest rate, it is more or less flat during the first 16 months of our sample 

period and then keeps increasing during the rest of the period while the slope of yield 

curve goes the other way, decreasing with time passing. When we take a detailed look 

at the slope of yield curve, we find that the decrease in the slope mainly results from 

the increasing short-term interest rate, which is the European 2-year government bond 

yield and the relatively flat long-term interest rate, which is European 10-year 

government bond yield, during the sample period.  
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 Conflicting empirical results about the relationship between the slope of the 

term structure and changes in credit spreads have been documented in previous 

literature. For example, Collin-Dufresne, Goldstein and Martin (2001) conclude that 

the slope, calculated as the 10-year interest rate minus the 2-year interest rate is not a 

significant explanatory variable, either statistically or economically. This is in line 

with the results by Ericsson et al. (2005) based on credit default swap spreads. 

However, Abid and Naifar (2005) find a significance negative relationship between 

credit default swap spreads and the slope of the yield curve. Meanwhile, Avramov et 

al. (2007) find the slope calculated as 30-year interest rate minus 2-year interest rate 

to be significantly positively related, and the slope calculated as 5-year interest rate 

minus 2-year interest rate to be significantly negatively related with changes in credit 

spreads based on constant maturity yield curves. Since the aforementioned studies do 

not use a component structure these conflicting empirical results possibly come from 

the mixed influence of the temporary and persistent components. We argue that our 

approach in this paper based on component structures may reconcile some of these 

conflicting observations. So in our later analysis, we would expect to see a different 

influence of the slope of yield curve on the temporary component and the persistent 

component.  

 

Volatility of Equity:  

The volatility of equity is the main driver of credit risk in structural models. A recent 

paper by Abid and Naifar (2006) find that the equity return volatility of reference 

entities can be a proxy for default risk. The volatility they used is estimated from a 

GARCH(1, 1) model. It is now commonplace to measure volatility in financial time 

series using GARCH models. These models are based on the notion that the 

innovations of a time series unconditionally have a fixed variance, but that volatility 

clustering occurs in the sense that the conditional variance of the process varies over 

time. The GARCH(1, 1) can be expressed as following: 

 
2

0 1 1 3t th α α ε α−= + + 1th −         (1) 

 

where tε is the innovation in the levels and  is the conditional variance on date . th t

In this paper we adopt the Morgan Stanley Capital International (MSCI) 

Europe Index (obtained from DataStream) as the representation of the aggregate 
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European equity market. The MSCI Europe Index is a free float-adjusted market 

capitalization index that is designed to measure developed market equity performance 

in Europe. As of August 2007, the MSCI Europe Index consisted of the following 16 

developed country market indices: Austria, Belgium, Denmark, Finland, France, 

Germany, Greece, Ireland, Italy, the Netherlands, Norway, Portugal, Spain, Sweden, 

Switzerland, and the United Kingdom. 

In order to estimate time-varying volatility from a GARCH(1, 1) model, we 

also need to choose a mean equation. In this paper, we adopt the following return 

specification in order to generate time varying volatility estimates of the equity 

market as a whole:  

 

tr c tε= +           (2) 

 

This constant c  is the mean of the series and tε  is the residual or the difference 

between the realised value and the mean. If there is autocorrelation and partial 

autocorrelation in these squared residual series 2
tε , it is a signal that the variance is a 

predictable process. The statistic to be used here to test for autocorrelation and partial 

autocorrelation is the Ljung-Box Q-Statistic. Our Q-Statistic value is quite large 

which suggests the existence of autocorrelation and partial autocorrelation. When we 

regress 2
tε  on its k  lagged values, the results suggest the presence of an ARCH effect. 

Thus, it is very reasonable for us to use a GARCH(1, 1) model to estimate time-

varying volatility.  

 In order to obtain robust results we test several other time series dynamics 

(ARMA) for the mean of the equity return data as well as different lag specifications 

for the GARCH variance part. Using the Akaike (AIC) and the Bayesian (BIC) 

information criteria we compare the alternative models. We finally choose a model 

that is as simple as possible given their comparable performance and focus on the 

constant mean and GARCH(1, 1) version. Intuitively, we expect this equity market 

volatility to be more related to the temporary component. Figure 5 plots the estimated 

time varying volatility over our sample period.  

 

Bid-Ask Spread (Proxy for Liquidity): 

We use the bid-ask spread as a proxy variable for the liquidity factor. It has been 

widely suggested that financial securities subject to default risk also contain a premia 
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for bearing illiquidity risk; see for example Driessen (2005) for liquidity factors in 

credit spreads, or Longstaff et al. (2005) for liquidity factors in credit default swaps. 

Theoretically assets with more liquidity have lower credit spread. A higher bid-ask 

spread means low liquidity which would leads to a higher CDS spread.  

 For the liquidity proxy used in this paper we calculate the ask quote minus the 

bid quote and then take its natural logarithm for each iTraxx index with 5-year 

maturity as well as 10-year maturity. We plot these liquidity proxies in Figure 6. 

Usually, bid-ask spreads of 10-year maturity contracts are higher than those of 5-year 

maturity contracts for the same iTraxx series. Among all these iTraxx indices, iTraxx 

Europe Crossover has highest bid-ask spread because of its sub-investment grade 

components. In our analysis, we would expect to find that the liquidity proxy is 

positively correlated with the iTraxx index level, especially with the transitory 

component in our paper. 

 

4.2. Methodology  

4.2.1 Latent Two-Component Model for iTraxx Indices  

Our previous Unit root test shows that all iTraxx indices of interest are non-stationary 

at the 5% significant level. Similar to Schwartz and Smith (2000) and Zhou and Qing 

(2000), we describe our natural logarithm iTraxx index as a linear combination of a 

temporary component and a persistent component. The temporary component is 

assumed to be stationary and the persistent component is represented by a non-

stationary dynamic. We present our model for the dynamic behaviour of the natural 

logarithm of CDS spreads for two different maturities as follows: 

 
5
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      (3) 

 

1111 dWdtkXdX σ+−=         (4) 

 

222 dWdtdX σμ +=          (5) 

 

where 
T
tCDS is the natural logarithm of the CDS spread at time t with constant 

maturityT ; 
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1X  is the temporary and  is the persistent component of  

respectively; 

2X tCDS

d  is the parameter of persistent component in equation; 10
tCDS

,i tε is the error term, which is assumed to have an independent identical 

distribution with mean 0 and variance 2
,iεσ  1, 2i = ; 

The temporary component  follows an Ornstein-Uhlenbeck process which 

is also known as a mean-reverting stochastic process. It is generally given by the 

following 

1X

stochastic differential equation, where θ is the level to which 1,tX  reverts: 

 

1, 1, 1 1,( )t tdX k X dt dW tθ σ= − +         (6) 

 

Settingθ  in our case equal to 0 and integrating equation (6) within interval  we 

get 

],0[ t

      ( )
1, 1,0 1 1,0

tkt k t s
t sX X e e dWσ− − −= + ∫  (7) 

 

As a consequence, the temporary component  is normally distributed with mean 

and variance given by 

1X

 

     1, 1,0{ } kt
tE X X e−=  (8) 

 
2

21
1,{ } [1

2
kt

tVar X e
k

σ −= − ]  (9) 

 

Notice, indeed, that the drift of the process  is positive whenever  is below 1X 1X θ  

(which equals 0 here) and negative otherwise, so that at any time  tends to be 

pushed towards the level 

1X

θ (=0). Also, θ (=0) can be regarded as a long-term average 

level of . Here,  and1X k 1σ  are constants and are positive. Note that this approach is 

related to the Hull and White (1994) two-factor model, although one of the factors has 

no mean reversion in our case. 

The persistent component  is assumed to follow a Brownian motion with 

deterministic drift. For ease of estimation, we assume the noise term

2X

,i tε is independent 
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of and , but and are correlated with correlation1dW 2dW 1dW 2dW ρ ; that 

is 1 2dWdW dtρ= . 

The state variable may be related to transitory market factors such as noise 

and feedback trading as that happens in stock market. As a result, changes in the 

temporary component represent short-term changes in prices that are not expected to 

persist while changes in the persistent component represent fundamental, long-term 

changes that are expected to persist.  

1X

We rewrite our continuous-time model in discrete form based on the 

measurement interval . So for equation (4) we get,  tΔ

 

1, 1, 1t tX kX t 1 1Zσ− ΔΔ =

1,t t

−

1, 1

+ Δ  

1, 1t 1 1X X kX t Zσ− − Δ Δ− =

1,

−

1,)t t

+

1

 

1 1(1X k t X Zσ− += −

2,

2,

t t

Δ

2 2

Δ

2

2

 

 

Similarly we can transform equation (5) and get, 
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If we express it in matrix form, then we get 
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⎦
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 (10) 

 

1 2,
σ ρ

Ω Ω = Δ⎢ t⎥  (11) 

 

The parameter set is  

2,, , ,k a  (12) σ σ μ ε ερ σσΘ ≡

The measurement equation (3) and the state dynamics (10) may be cast into State 

Space framework, and we get: 
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R ε
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, and  as defined in equation (11).  Q = Ω

 

4.2.2 State-Space Model and the Kalman Filter  

State-space frameworks typically deal with dynamic time series models that involve 

unobserved components, and are becoming more widespread in applied econometric 

and financial applications. Compared with the multivariate regression models, the 

state-space model does not require an a priori specification of the predictive variables 

(Zhou & Qing (2000)). In the literature, considerable effort has been devoted to 

empirically model the underlying factors describing the dynamic behaviour of asset 

prices. The basic estimation tool used to deal with the standard state-space model is 

Kalman filter. The Kalman filter is a recursive procedure for computing optimal 

estimates of unobserved state variables at time t  based on available information at 

time t . Given a prior distribution on the initial value of the state variables and a model 

describing the likelihood of the observations as a function of the true value, the 

Kalman filter generates updated posterior distributions for these state variables in 

accordance with Bayes’ rule. The modelling of time series in state space form has 

advantages over other techniques both in interpretability and estimation.  

The Kalman filter recursive formulas for our model, as presented in Harvey 

(1989), are described by following set of equations:  

 

111 −−− += tttt FSJS  (15) 

QFPFP tttt +××= −−− '111  (16) 
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RHPH tt +×=Ψ − '1  (17) 

)'( 1
1

11 −
−

−− ×−Ψ××+= ttttttttt SHYHPSS  (18) 

tξ = 1' −×− ttt SHY  (19) 

1
111 ' −
−−− Ψ−= tttttttt PHHPPP  (20) 

 

The log-likelihood function is given below: 
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1 2
1))(det(

2
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2
−

==

Ψ−Ψ−−= ∑∑  (21) 

 

4.2.3 Linear Regression Model for the Determinant of CDS Components  

 
We use a regression technique to examine the possible relationships between the 

temporary component and persistent component extracted form the iTraxx indices and 

the potential drivers, namely, the short-term interest rate, the slope of the yield curve, 

equity volatility, liquidity (i.e., the bid-ask spread) and credit rating premia. 

The specific regression model is as below, 

1 2

3 4 5

 +  
 

dependent short rate yield slope
volatiltiy spread credit rating e

α β β
β β β

= + ⋅ ⋅
+ ⋅ + ⋅ + ⋅ +

 

where  

dependent : Time series of interest, for example, 5-year iTraxx Europe or its 

components, etc  

e : Error term in regression model. 

 

All these explanatory variables and their potential influences have been discussed in 

an intuitive manner in a previous section. In the next section we will discuss the 

model estimated parameters as well as the nature of the inferred components of the 

CDS series.  
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5. Empirical Results  

In this section we provide the main results and analysis of these results. 

 

5.1 Estimation Results for the Component Structure  

 

The adaptive filtering algorithm due to Kalman allows us to estimate the unknown 

parameters of the model by maximising the log likelihood function identified earlier. 

At the same time it produces optimal inference about the state variables. These 

filtered state variables are our extracted components consistent with the dynamic 

specification of the model.  

Table 5 lists the estimation results for our two component model along with 

the asymptotic standard errors in parentheses. Firstly, for iTraxx Europe and iTraxx 

Europe Hivol, all parameter estimates are significant except for the variance of the 

measurement equation for CDS5 for iTraxx Europe Hivol. The fact that all the 

measurement equation error variances are very small is indicative of the 

appropriateness of the model specification. The estimated values for , the speed of 

mean reversion for the transient component, is 6.45% per annum for iTraxx Europe 

and 8.791% per annum for iTraxx Europe Hivol. For iTraxx Europe Crossover it is 

only 0.71%, and is not statistically significant. This means that there is no mean-

reversion in the transient component of iTraxx Europe Crossover. It should not be all 

that surprising for this different behavior as this is the index for sub-investment grade 

firms. The transient component of the Crossover index demonstrates a more diffusive 

characteristic.  

κ

We now focus on the fact that the estimation results forμ , the drift term in the 

persistent component, are all negative and statistically significant. Negative drift 

indicates a downward trend in this component of iTraxx index over the sample period.  

This is consistent with the original observation of these index time series. The annual 

drift for iTraxx Europe, iTraxx Europe Hivol and iTraxx Europe Crossover are 

,  and , respectively. We believe that this downward trend 

is mainly due to the increasing sophistication of the credit default swap market as well 

as enhanced liquidity and efficiency. It makes intuitive sense that such a systemic 

characteristic would be captured by the persistent component of the CDS spreads.  

0.3360− 0.2599− 0.3537−

Next, we turn to the diffusion coefficients. The diffusion coefficients for the 
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transient components for iTraxx Europe, iTraxx Europe Hivol and iTraxx Europe 

Crossover are 0.2413, 0.3085 and 0.3321. The corresponding figures for the persistent 

components are 0.2527, 0.1741, and 0.2087. We can make some qualitative 

assessment of the fact that the diffusion coefficient, 1σ , for the transient components 

for iTraxx Europe Hivol and iTraxx Europe Crossover are higher than that of iTraxx 

Europe as a whole. This is possibly due to the fact that the credit default swap spreads 

with underlying entities having lower credit ratings are more sensitive to market news 

in the short-term. However, from a longer term perspective, the lower credit rating 

firms have milder variations. The firms that are already on lower credit ratings, have 

less probability of downgrading, in the longer term, compared with those of high 

credit rating firms. So, from this point of view, the diffusion coefficients of the 

persistent components, 2σ , of iTraxx Europe Hivol and iTraxx Europe Crossover 

should be lower than that of iTraxx Europe. This is what the estimated results 

demonstrate.  

Furthermore, comparing within each of the three benchmark iTraxx indices, 

the volatility of the persistent components of iTraxx Europe Hivol and iTraxx Europe 

Crossover are smaller than that of the respective transient components. The persistent 

components are less likely to be influenced by market news and events of short-term 

in nature. The differences in the volatility level of the two components for iTraxx 

Europe is only marginal. The reason for this is that this series includes more of the 

firms that belong to higher credit rating categories.  

The differences in the pattern of behaviour of the two components of the CDS 

spread series are quite instructive and without such decomposition it would be hard to 

get such in-depth understanding. Last but not the least; it is interesting to note that all 

the measurement error variances are quite small indicating the efficacy of the model. 

Figure 7 plots the two extracted components for each of the series against time.  

 

5.2 Exploring the Determinants of the Components  

 

In this section we analyse the explanatory power of several variables 

suggested in the literature for the components as well as for the original CDS spread 

series itself. This helps us understand the differences in the impact these variables 

have as well as reconcile some of the conflicting results reported in the literature 

where such a component approach is not implemented. This analysis is carried out in 
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a linear regression framework consistent with the reported studies in this area. In 

some cases we may have non-stationary series on both sides of the regression 

equation, but it does not necessarily make the results spurious. As long as the 

regression residuals are stationary the usual implications of t- and F- tests and R-

squares are applicable (see Gujarati (2004), page 822-824).  

Table 6 lists the estimation results for the explanatory regressions along with 

the robust standard errors in parentheses below each parameter estimates. The 

explanatory power of the theoretical variables for levels of default swap spreads are 

high, approximately 70%, which is consistent with Ericsson et al (2005) and Abid et 

al (2006). Ericsson et al. (2005) find the explanatory power of the theoretical variables 

for levels of default swap spreads are approximately 60% and they also point out that 

the R-square for levels regressions goes up to more than 70% if we add in other 

explanatory variables as in Collin-Dufresne, Goldstein and Martin (2001).  

From Table 6 we find that the robust R-square is highest when we regress 

persistent component against all those explanatory variables. The regression residuals 

are all found to be stationary. Firstly, the explanatory power of these traditional 

variables for the persistent component is more than 80% and is much higher than that 

of the transient component, which is around 50%. Secondly, we notice that since most 

of the parameters are significant, it implies that the explanatory variables employed 

here have valuable information for predicting movement in credit default swap 

spreads. Again, the higher robust R-square seems to show that the traditional 

explanatory variables can explain more about the persistent component of CDS 

spreads extracted from the original data relative to the transient component. Next we 

take a detailed look at these results.  

To the extent that the CDS spread indices for two maturities (5-year and 10-

year) are valued in the market with respect to the economic fundamentals, we would 

expect the estimated results for the transient component to be more akin to that of the 

5-year maturity index. Similarly, we expect the results for the persistent component to 

be more like that of the 10-year maturity index. We can verify this by checking their 

relative sensitivity to different explanatory variables. For example, iTraxx Europe 5Y 

is more sensitive to the short-term interest rate than iTraxx Europe 10Y. We would, 

thus, expect the transient component to be more sensitive to the short-term interest 

rate than the persistent component, and vice verse. Not surprisingly, the estimated 

results do support our hypothesis and provide evidence of support for our modelling 
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approach. To be precise, the absolute value of 1β  is larger for all three iTraxx 5Y 

series than for its counterpart iTraxx 10Y series and it is also larger for the transient 

component compared to the persistent component. The same pattern of behaviour can 

easily be found for 3β , 4β  and 5β  in the iTraxx Europe and the iTraxx Europe Hivol 

data. However, it is not so obvious in the iTraxx Europe Crossover case. We will take 

up this point again later.  

Most of our results (from Table 6) are consistent with those published in 

related studies. For example, let us examine the negative relationship between CDS 

and the short-term interest rate. As we would expect, the short-term interest rate has 

more impact on the transient component. The result also supports the proposition that 

the CDS spread is positive correlated with equity market volatility. Again, the 

corresponding coefficient of equity volatility confirms our hypothesis that this has 

more influence on the transient component. All the coefficients for the short-term 

interest rate and equity market volatility are statistically significant at the 1% level of 

significance.  

Our results also suggest that illiquidity may cause higher CDS spread levels 

which is indicated by a positive coefficient for the liquidity proxy 4β . But when we 

compare the extent of its impact on the two components, we find that it has more 

influence on the persistent component implying that the influence of illiquidity is 

quite persistent. However, for sub-investment grade firms, the influence of this factor 

does not vary much between the transient and the persistent components. This 

indicates that the CDSs whose underlying firms have lower credit ratings are not 

affected as strongly by its market liquidity as other influential elements. This result 

can also be verified by comparing the robust R-square for the regression model 

without a liquidity proxy. After omitting the liquidity proxy from the model for the 

transient component of iTraxx Europe Crossover, the adjusted R-square only 

decreases by 0.0016 to 0.7235. But when we omit the other variables, for example, the 

proxy of credit premia, the adjusted R-square sharply decreases by 0.2378 to 0.4973. 

We have not presented these results in the tables to conserve space, but they are 

available on request.  

Another set of interesting parameters to examine are 2β  and 5β , the 

coefficients for the slope of the yield curve and the credit rating premia, respectively. 

For all three iTraxx benchmark indices, the coefficients of the slope of the yield curve 

are positive for the persistent component, but negative for the transient component.  

 25

2387



For each individual index this coefficient is negative. For example, 2β  is 0.1088 and 

statistically significant for the persistent component of iTraxx Europe, while it is 

negative for all other three counterpart regressions. That is, 2β  is -0.2666 for the 

transient component (iTraxx Europe), -0.0918 in iTraxx Europe 5Y and -0.2920 in 

iTraxx Europe 10Y. As we have explained in section 4.1.2 above, the slope of the 

yield curve is as an indication of overall economic health. Theoretically, an increase 

in the slope of the yield curve should increase the expected future short-term interest 

rate and result in a decrease in the CDS spread if the negative relation between credit 

risk and the short-tem interest rate holds.  

But the influence of the slope is quite clear and consistent in our results based 

on our component methodology. For example, the absolute value of 2β , which can be 

interpreted as the extent of influence, in iTraxx index regressions are quite close, but 

are different in the two component-based regressions. The same pattern can be found 

in all three iTraxx indices. So, the results in this paper provide clear evidence that the 

slope of the yield curve affects the two components differently. Without these 

component distinctions the impact of the slope on CDS could turn out conflicting as 

in Avramov et al. (2007). With a long-term perspective, the increased slope indicating 

higher expected short-term interest rate may frustrate the market and hence increase 

the credit default swap spread. This gets reflected via the persistent component. This 

result also supports the argument that the short interest rate is negatively related to 

credit default swap spreads and especially to the transient component. We got 

negative coefficient of slope of yield curve for the transient components.  

The credit rating premium is another explanatory variable developed in this 

paper in order to capture the influence of credit rating. The positive coefficient is quite 

intuitive. This relationship does not appear to be significant for iTraxx Europe 10Y 

and iTraxx Hivol Europe 10Y. But when we look back to Figure 3, we find that the 

credit rating premia for 10 year maturity contracts are much lower than the credit 

rating premia for 5 year maturity contracts. As we would expect the importance of 

credit rating premia (captured by the parameter 5β ) increases as more lower credit 

rated entities are included in the series and in particular for the transient components.  

Next let’s turn to the explanatory variable spread as well as the Table 7. In this 

table, we list the estimated results for regression models just omitting the credit rating 

premia. Most parameter estimates are statistically significant under 1% significant 

level. The important information that can be gleaned from Table 7 is that it confirms 
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that credit rating premia are more of concern for the transient component, especially 

with lower credit rating entities in the CDS index. For example, there is not much 

deterioration in R-square in case of any of the persistent components. But for iTraxx 

Crossover the R-square drops from 73.69% (Table 6) to 49.99% (Table 7) for the 

transient component.  

The results clearly show that the robust R-square without credit rating premia 

(Table 7) does not change much for both the transient and the persistent components 

of iTraxx Europe. But they do change for the other two iTraxx indices and especially 

for iTraxx Europe Crossover which is the index with lowest credit rating. So this 

result confirms the argument that we earlier put forward that for CDS spreads with 

higher credit rating underlying entities, credit rating has only marginal difference in 

impact for the two components. While for CDS spreads with lower credit rating 

underlying entities, the credit rating impact differs depending on the components.  

 

6. Conclusion  

 

Credit risk analysis is important for valuing corporate bonds, swaps and credit 

derivatives and plays a critical role in managing the credit risk of bank loan portfolios. 

Generally it is argued that credit derivatives (especially credit default swaps) are a 

much better proxy for credit risk since the majority of fundamental variables predicted 

by credit risk pricing theories have a significant influence on credit default swap 

prices. 

The ideas put forward in this paper are quite innovative can provide some 

hints for later research on the credit derivatives market and the estimated results in 

this paper are consistent. Firstly, we extract information from the original data using 

the latent two-factor model used in Schwartz and Smith (2000) and get a temporary 

component and a persistent component. The intuition behind this is that we extract 

latent factors which have different movements over time in order to classify different 

information sets. The results from our latent factor model show that this model is 

realistic and agrees with our original information. We then take a deep look at the 

different influences of theoretical credit risk explanatory variables on CDS indices 

and both their temporary and persistent components.  

The estimations from our latent factor model and multi-factor linear regression 

model show that the temporary component does behave differently from the persistent 
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component and these theoretical explanatory variables do have different influences 

both in direction and degree on the temporary component and the persistent 

component. Also the regression results show that the theoretical explanatory variables 

can explain more for the persistent component.  
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Table 1 
BBA Credit Derivatives Panel 

Type 2000 2002 2004 2006 

Basket products 6.0% 6.0% 4.0% 1.8% 

Credit linked notes 10.0% 8.0% 6.0% 3.1% 

Credit spread options 5.0% 5.0% 2.0% 1.3% 

Equity linked credit products n/a n/a 1.0% 0.4% 

Full index trades n/a n/a 9.0% 30.1% 

Single-name credit default swaps 38.0% 45.0% 51.0% 32.9% 

Swaptions n/a n/a 1.0% 0.8% 

Synthetic CDOs – full capital n/a n/a 6.0% 3.7% 

Synthetic CDOs – partial capital n/a n/a 10.0% 12.6% 

Trenched index trades n/a n/a 2.0% 7.6% 

Others 41.0% 36.0% 8.0% 5.7% 
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Table 2: 
Descriptive Statistics for iTraxx Index Level and Spread changes 

 iTraxx Europe iTraxx Europe HiVol iTraxx Europe Crossover 
Maturity 5Y 10Y 5Y 10Y 5Y 10Y 

       
Panel A: Descriptive Statistics for natural logarithm of iTraxx index level 

Min 3.0143 3.6936 3.6784 4.2356 5.0102 5.2941 
Mean 3.4898 3.9642 4.1005 4.5124 5.5451 5.7771 

Median 3.5660 3.9886 4.1143 4.4906 5.5848 5.7977 
Max 4.0962 4.4145 4.7465 4.9978 6.0970 6.2222 
Stdev 0.2090 0.1329 0.2081 0.1429 0.1686 0.1320 

Skewness -0.3613 -0.1273 0.0229 0.4388 -0.4760 -0.8286 
Kurtosis -0.5593 -0.4042 -0.7839 -0.5470 0.5606 1.9650 

ADF Test 0.6900 0.4700 0.4700 0.2700 0.1600 0.0900 
PP test 0.7000 0.5500 0.5100 0.3500 0.1900 0.1200 

       
Panel B: Descriptive Statistics for the first difference of natural logarithm of iTraxx index level 

Min*100 -11.1463 -8.7046 -11.6056 -9.7667 -9.3260 -7.8149 
Mean*100 -0.1029 -0.0451 -0.0870 -0.0280 -0.0601 -0.0077 

Median*100 -0.1344 -0.1115 -0.2500 -0.1471 -0.2317 -0.1669 
Max*100 19.3867 12.8844 22.7082 16.3525 32.1692 26.8990 

Stdev 0.0199 0.0143 0.0230 0.0183 0.0257 0.0203 
Skewness 1.43822 0.9745 2.3215 2.1637 4.0378 4.2130 
Kurtosis 16.3768 12.4792 21.1226 22.3978 40.3180 46.9672 

ADF Test 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 
PP test 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 

       
Panel C: Descriptive Statistics for log return on MSCI 

Min*100 -3.1640      
Mean*100 0.0806      

Median*100 0.1110      
Max*100 2.5108      

Stdev 0.0076      
Skewness -0.4333      
Kurtosis 1.6111      

       
1. Panel A provides descriptive statistics for natural logarithm of the level of each iTraxx Europe Index used 

in this paper and they are iTraxx Europe 5Y, iTraxx Europe 10Y, iTraxx Europe Hivol 5Y, iTraxx Europe 

Hivol 10Y, iTraxx Europe Crossover 5Y and iTraxx Europe Crossover 10Y. 

2. Panel B provides descriptive statistics for the log-return , that is calculated as the first difference of natural 

logarithm of index level for each of these 6 iTraxx Europe Index; Panel C provides descriptive statistics of 

log return on MSCI Europe index. 

3. MacKinnon approximate p-value is listed in row of Augmented Dickey-Fuller test (ADF Test) and 

Phillips-Perron test (PP Test) with unit root test model without trend and with 4 lags. 
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Table 3 

Numerical value of credit rating 
Moody’s S&P Numerical Value 

Aaa AAA 1 

Aa1 AA+ 2 

Aa2 AA 3 

Aa3 AA- 4 

A1 A+ 5 

A2 A 6 

A3 A- 7 

Baa1 BBB+ 8 

Baa2 BBB 9 

Baa3 BBB- 10 

Ba1 BB+ 11 

Ba2 BB 12 

Ba3 BB- 13 

B1 B+ 14 

B2 B 15 

B3 B- 16 

Caa1 CCC+ 17 

Caa2 CCC 18 

Caa3 CCC- 19 
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Table 4_a 

Component names in series 7 of  iTraxx Europe  
 

No. Ticker Rating Va. No. Ticker Rating Va. No. Ticker Rating Va. 
1 AAB Aa2 3 43 COFP BBB- 10 85 VIEFP A3 7 
2 AEGON A2 6 44 CPGLN Baa2 9 86 ADO Baa2 9 
3 ALZ Aa3 4 45 LUFTHA Baa3 10 87 AKZO A3 7 
4 ASSGEN Aa3 4 46 DIAG A3 7 88 LORFP Baa3 10 
5 AVLN A3 7 47 DSGILN Baa2 9 89 BYIF A3 7 
6 AXASA A2 6 48 GUSLN Baa1 8 90 CIBASC Baa2 9 
7 MONTE Aa3 4 49 GLHLN A2 6 91 SGOFP Baa1 8 
8 BPIIM A2 6 50 AUCHAN A 6 92 EADFP A1 5 
9 BBVASM Aa1 2 51 HENKEL A2 6 93 GLENCR Baa3 10 

10 BCPN Aa3 4 52 IMPTOB Baa3 10 94 HANSON Baa3 10 
11 BESNN Aa3 4 53 KINGFI Baa3 10 95 ICI Baa2 9 
12 SANTAN Aa1 2 54 PHG A3 7 96 DSM A2 6 
13 BACR Aa1 2 55 MOET A- 7 97 LAFCP Baa2 9 
14 BNP Aa1 2 56 MKS Baa2 9 98 LINGR Baa1 8 
15 CAPIM A1 5 57 METFNL Baa2 9 99 SANFP A1 5 
16 CMZB Aa3 4 58 PRTP BBB- 10 100 SIEM Aa3 4 
17 DB Aa1 2 59 MRWLN Baa2 9 101 SOLBBB A2 6 
18 HANRUE A3 7 60 EXHO BBB+ 9 102 STORA Baa3 10 
19 ISPIM Aa2 3 61 SCACAP Baa1 8 103 TKAGR Baa2 9 
20 MUNRE Aa3 4 62 TATELN Baa2 9 104 UPMKYM Baa2 9 
21 RSA A3 7 63 TSCO A1 5 105 VINCI Baa1 8 
22 SCHREI Aa2 3 64 TMMFP Baa2 9 106 BERTEL Baa1 8 
23 RBS Aaa 1 65 ULVR A1 5 107 BRITEL Baa1 8 
24 CRDIT Aa2 3 66 CENTRI A3 7 108 DT A3 7 
25 ZURNVX A1 5 67 EOAGR A2 6 109 FRTEL A3 7 
26 VLVY A3 7 68 EDNIM Baa2 9 110 OTE Baa1 8 
27 BMW A1 5 69 EDF Aa1 2 111 KPN Baa2 9 
28 MICH Baa2 9 70 ELESM A3 7 112 PSON Baa1 8 
29 CONTI Baa1 8 71 ENEL A1 5 113 PUBFP Baa2 9 
30 DCX Baa1 8 72 ELEPOR A2 6 114 REEDLN Baa1 8 
31 GKNLN Baa3 10 73 ENBW A2 6 115 RTRGRP Baa1 8 
32 PEUGOT Baa1 8 74 FRTUM A2 6 116 STM A3 7 
33 RENAUL Baa1 8 75 GASSM A1 5 117 TITIM Baa2 9 
34 VLOF Baa2 9 76 GAZDF Aa1 2 118 TELEFO Baa1 8 
35 VW A3 7 77 IBERDU A2 6 119 TKA A3 7 
36 ACCOR BBB 9 78 NGGLN Baa1 8 120 TELNOR A2 6 
37 ELTLX Baa2 9 79 REPSM Baa1 8 121 TLIASS A2 6 
38 ABLN Baa2 9 80 RWE A1 5 122 VIVFP Baa2 9 
39 ALTSM Baa2 9 81 LYOE A2 6 123 VOD Baa1 8 
40 BATSLN Baa1 8 82 UNFSM Baa1 8 124 WOLKLU Baa1 8 
41 CBRY Baa2 9 83 UU A3 7 125 WPPLN Baa2 9 
42 CARR A2 6 84 VATFAL A2 6     
Average Rating A2/A3 6.896        
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Table 4_b 
Component names in series 7 of  iTraxx Europe Crossover 

No. Ticker Rating Numerical 
value No. Ticker Rating Numerical 

value 
1 ALUFP Ba2 12 26 KABEL Ba3 13 
2 NELL Ba3 13 27 AHOLD Baa3 10 
3 BCMAU B1 14 28 LADLN Ba2 12 
4 BAB Baa3 10 29 MESSA B3 16 
5 CWLN B1 14 30 TDCDC Ba3 13 
6 CAPP BB+ 11 31 NSINO Ba1 11 
7 CODERE B2 15 32 NXPBV B1 14 
8 COGNIS B2 15 33 ONOFIN B3 15 
9 COLTLN B2 15 34 PORTEL Baa2 9 

10 CORUS Ba1 11 35 PROSIE Ba1 11 
11 DEGUSS Baa3 10 36 RALFP Ba1 11 
12 EMI B1 14 37 RAYAC Ba1 11 
13 FIAT Ba1 11 38 RHA Ba3 13 
14 FKI Ba2 12 39 SAS B1 14 
15 FREGR Ba2 12 40 SEAT Ba3 13 
16 SDC B2 16 41 MDPAC B2 16 
17 GFCFP Baa3 10 42 SOLSM Baa3 10 
18 GROHE B2 16 43 VNU B2 16 
19 HAVAS Ba2 12 44 RNK Ba3 13 
20 HELLAS B2 16 45 TUIGR B1 14 
21 INEGRP B1 14 46 IESYRP B3 15 
22 IFX B1 14 47 UPC B1 14 
23 IPRLN Ba3 13 48 VMED B2 16 
24 ISYSLN Ba3 13 49 WDAC B2 16 
25 ITVLN Baa3 10 50 WINDIM B2 16 
Average Rating Ba3/B1 13.1     
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Table 4_c 

Component names in series 7 of  iTraxx Europe Hivol 
No. Ticker Rating Numerical value 
1 ACCOR BBB 9 
2 ELTLX Baa2 9 
3 BRITEL Baa1 8 
4 CBRY Baa2 9 
5 COFP BBB- 10 
6 CIBASC Baa2 9 
7 CPGLN Baa2 9 
8 CONTI Baa1 8 
9 DCX Baa1 8 

10 LUFTHA Baa3 10 
11 DSGILN Baa2 9 
12 GUSLN Baa1 8 
13 GKNLN Baa3 10 
14 GLENCR Baa3 10 
15 HANSON Baa3 10 
16 ICI Baa2 9 
17 KINGFI Baa3 10 
18 KPN A2 6 
19 MKS Baa2 9 
20 PSON Baa1 8 
21 PRTP BBB- 10 
22 MRWLN Baa2 9 
23 STORA Baa3 10 
24 TATELN Baa2 9 
25 TITIM Baa2 9 
26 TMMFP Baa2 9 
27 UPMKYM Baa2 9 
28 VLOF Baa2 9 
29 VIVFP Baa2 9 
30 WOLKLU Baa1 8 

Average Rating Baa1/Baa2 8.97 
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Table 5 

Estimated results for Schwartz and Smith (2000) two-factor model 
 iTraxx Europe iTraxx Hivol iTraxx Crossover 

k  0.0645 0.08791 0.0071 

 (1.0558e-05) (3.4554e-10) (0.1106) 
μ  -0.3360 -0.2599 -0.3537 

 (2.5209e-06) (1.1254e-10) (0.0259) 

1σ  0.2413 0.3085 0.3321 

 (0.0004) (3.9884e-08) (0.0019) 

2σ  0.2527 0.1741 0.2087 

 (0.0001) (1.2685e-07) (0.0009) 

d  0.3792 0.1382 0.4155 

 (4.6337e-05) (4.4952e-06) (0.0076) 
ρ  0.1322 0.5954 0.5064 

 (0.0003) (2.7771e-10) (0.0126) 

a  1.8004 2.3572 3.72658 

 (1.4920e-05) (1.4121e-10) (6.99288e-06) 

b  2.6774 3.4004 4.34888 

 (5.8563e-06) (4.6739e-06) (0.00788) 

1,εσ  7.3658e-06 1.0000e-10 2.4998e-05 

 (6.0727e-11) (3.0614e-10) (1.3065e-10) 

2 ,εσ  1.0000e-10 2.8374e-05 2.8588e-06 

 (2.5993e-11) (2.2415e-10) (3.3042e-11) 
Log-likelihood 

function 4654.8879 4315.0815 4379.8852 

Asymptotic estimator variance is reported below each estimated parameter. Here we adopt 

BHHH estimator as variance estimators for an MLE. More detail information may be found in 

William H. Greene, “Econometric Analysis” fifth edition, P480-P482. 
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Table 6 

Estimation results for regression model 
Panel a: Dependent variable: iTraxx Europe 

 5Y 10Y Temporary 
component 

Persistent 
component 

α  3.9012*** 4.8587*** 1.6975*** 0.4894*** 

 (0.1128) (0.0869)  (0.0996) (0.0450) 

1β  -1.0319*** -0.9769*** -0.7618*** -0.3982*** 

 (0.0374) (0.0346) (0.0337) (0.0207) 

2β  -0.0918*** -0.2920*** -0.2666*** 0.1088*** 

 (0.0178) (0.0199) (0.0188) (0.0117) 

3β  21.3165*** 16.2558*** 14.1927*** 6.2780*** 

 (2.4143) (2.7215) (2.7101) (0.7138) 

4β  0.0757*** 0.1258*** 0.0299** 0.1106*** 

 (0.0128) (0.0196) (0.0114) (0.0148) 

5β  0.2596*** 0.0651 0.0890** 0.2196*** 

 (0.0522) (0.0452) (0.0422) (0.0223) 

R2 0.8405 0.6684 0.4413 0.9256 

 
Panel b: Dependent variable: iTraxx Hivol 

 5Y 10Y Temporary 
component 

Persistent 
component 

α  4.7110*** 5.3324*** 1.7042*** 0.6155*** 

 (0.1627) (0.1016) (0.1265) (0.0465) 

1β  -1.5296*** -0.9635*** -1.1917*** -0.3127*** 

 (0.0489) (0.0454) (0.0396) (0.0227) 

2β  -0.3439*** -0.4009*** -0.4086*** 0.0852*** 

 (0.0326) (0.0174) (0.0254) (0.0084) 

3β  29.1548*** 17.6193*** 20.1077*** 9.6246*** 

 (2.7971) (2.3884) (2.4564) (0.7105) 

4β  0.0403 0.2396*** 0.0085 0.0176* 

 (0.0254) (0.0286) (0.0171) (0.0091) 

5β  0.4387*** 0.0631 0.2942*** 0.1498*** 

 (0.0675) (0.0496) (0.0515) (0.0258) 

R2 0.7038 0.6338 0.5335 0.8640 
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Panel c: Dependent variable: iTraxx Europe Crossover (continued) 

 5Y 10Y Temporary 
component 

Persistent 
component 

α  3.6103*** 4.252241*** -0.0872 0.0936 

 (0.1133) (0.120182) (0.0921) (0.0677) 

1β  -0.9257*** -0.6281*** -0.5614*** -0.2419*** 

 (0.0389) (0.0464) (0.0300) (0.0309) 

2β  -0.1017*** -0.1620*** -0.2707*** 0.1794*** 

 (0.0187) (0.0178) (0.0167) (0.0117) 

3β  21.1169*** 20.3619*** 10.2978*** 13.7750*** 

 (2.5014) (2.6043) (1.9587) (1.1726) 

4β  0.1136*** 0.1169*** 0.0793*** 0.0716*** 

 (0.0180) (0.0173) (0.0174) (0.0074) 

5β  1.2648*** 1.0221*** 0.8761*** 0.2333*** 

 (0.0439) (0.0454) (0.0361) (0.0346) 

R2 0.7645 0.6807 0.7369 0.8637 
1. The model provided in this table is 

1 2 3

4 5

 +  
 

dependent riskfree rate yield slope volatiltiy
spread credit rating

α β β β
β β ε

= + ⋅ ⋅ + ⋅

+ ⋅ + ⋅ +
 

We use Stata command “regress, robust” and the robust standard error is proved in parentheses below 

each estimator and robust R2 is provided as well.  

2. 1%, 5% and 10% significance levels are indicated by ***,**, and *, respectively. 
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Table 7 

Estimation results for regression model 

 iTraxx Europe iTraxx Europe Hivol iTraxx Europe Crossover 

 Temporary 
component 

Persistent 
component 

Temporary 
component 

Persistent 
component 

Temporary 
component 

Persistent 
component 

α  1.8728*** 0.8769*** 2.3107*** 0.8375*** 1.4836*** 0.4062*** 

 0.0367 0.0268 0.0589 0.0259 0.0670 0.0436 

1β  -0.7402*** -0.3677*** -1.1573*** -0.2648*** -0.3362*** -0.1601*** 

 0.0354 0.0212 0.0425 0.0211 0.0460 0.0289 

2β  -0.2797*** 0.0729*** -0.4676*** 0.0693*** -0.4066*** 0.1597*** 

 0.0157 0.0126 0.0264 0.0085 0.0200 0.0116 

3β  14.4515*** 6.9112*** 21.5621*** 9.7720*** 14.6423*** 14.9572*** 

 2.7329 0.7847 2.6707 0.7324 2.8155 1.3038 

4β  0.0390*** 0.1252*** 0.0312 0.0385*** 0.1415*** 0.0894*** 

 0.0118 0.0166 0.0246 0.0097 0.0265 0.0085 

R2 0.4369 0.9142 0.5048 0.8557 0.4999 0.8523 
1. The model provided in this table is 

1 2 3 4 +  dependent riskfree rate yield slope volatiltiy spreadα β β β β= + ⋅ ⋅ + ⋅ + ⋅ + ε  

We use Stata command “regress, robust” and the robust standard error is proved in parentheses below 

each estimator and robust R2 is provided as well. 

2. 1%, 5% and 10% significance levels are indicated by ***,**, and *, respectively. 
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Figure 1 

Global Credit Derivatives Market $billion 

Source: British Bankers’ Association, Credit Derivatives Report 2006 
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Figure 2 

Three Benchmark iTraxx Europe Indices 
Panel A: iTraxx Europe 
 

Natural logarithm of iTraxx Europe  

3
3.2
3.4
3.6
3.8

4
4.2
4.4
4.6

21
-J

un
-0

4

21
-A

ug
-0

4

21
-O

ct
-0

4

21
-D

ec
-0

4

21
-F

eb
-0

5

21
-A

pr
-0

5

21
-J

un
-0

5

21
-A

ug
-0

5

21
-O

ct
-0

5

21
-D

ec
-0

5

21
-F

eb
-0

6

21
-A

pr
-0

6

21
-J

un
-0

6

21
-A

ug
-0

6

21
-O

ct
-0

6

21
-D

ec
-0

6

21
-F

eb
-0

7

21
-A

pr
-0

7

iTraxx Europe 5Y iTraxx Europe 10Y

Panel B: iTraxx Europe Hivol 
 

Natural logarithm of iTraxx Hivol 

3.5
3.7
3.9
4.1
4.3
4.5
4.7
4.9
5.1

21
-J

un
-0

4

21
-A

ug
-0

4

21
-O

ct
-0

4

21
-D

ec
-0

4

21
-F

eb
-0

5

21
-A

pr
-0

5

21
-J

un
-0

5

21
-A

ug
-0

5

21
-O

ct
-0

5

21
-D

ec
-0

5

21
-F

eb
-0

6

21
-A

pr
-0

6

21
-J

un
-0

6

21
-A

ug
-0

6

21
-O

ct
-0

6

21
-D

ec
-0

6

21
-F

eb
-0

7

21
-A

pr
-0

7

iTraxx Hivol 5Y iTraxx Hivol 10Y

Panel C: iTraxx Europe Crossover 
 

Natural logarithm of iTraxx Crossover 

4.9
5.1

5.3
5.5

5.7
5.9

6.1
6.3

21
-J

un
-0

4

21
-A

ug
-0

4

21
-O

ct
-0

4

21
-D

ec
-0

4

21
-F

eb
-0

5

21
-A

pr
-0

5

21
-J

un
-0

5

21
-A

ug
-0

5

21
-O

ct
-0

5

21
-D

ec
-0

5

21
-F

eb
-0

6

21
-A

pr
-0

6

21
-J

un
-0

6

21
-A

ug
-0

6

21
-O

ct
-0

6

21
-D

ec
-0

6

21
-F

eb
-0

7

21
-A

pr
-0

7

iTraxx Cros sover 5Y iTraxx Cross over 10Y

 43

2405



 

Figure 3 
Three Credit Rating Premia for Two Different Maturity 
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Figure 4 
3-Months Euribor  and Slope of Yield Curve 
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Figure 5 
European Equity Market Volatility (GARCH (1,1) type) 
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Figure 6 

Bid-ask spread for iTraxx index 
Panel A: iTraxx Europe 
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Figure 7 
Temporary component and Persistent component  for each of 3 iTraxx Europe indices 
Panel A: Temporary component and Persistent component  for iTraxx Europe 

Temporary component and Persistent component in iTraxx Europe
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Panel C: Temporary component and Persistent component for iTraxx Europe Crossover 

Temporary component and Persistent component  in iTraxx Europe 
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Capital Structure, Industry Pricing, and 

Firm Performance

Abstract

This paper provides empirical evidence on the link between industry pricing dynamics

and industry capital structure. We find evidence of countercyclical mark-up behaviour as

predicted by Chevelier and Scharfstein (1996). The mark-ups are more countercyclical

for industries with higher debt ratio. Secondly, the paper analyzes growth in firm sales

and  profitability  performance  post  an  industry  downturn  under  different  financial

structures. This methodology helps mitigate the endogenous nature of capital structure

and firm performance,  since  it  is  assumed that  the  downturn was not  anticipated by

industry participants.  Also,  inclusion of lagged values of debt ratio (t-2) ensures that

spurious relation between contemporaneous values of debt ratio and firm performance is

not obtained. We find that firms which are over-levered compared to the industry median

experience lower sales growth and lower profitability vis-à-vis a benchmark firm which

assumes  industry  median  characteristics.  This  lends  support  to  the  hypothesis  that

external  financing  induces  financial  fragility  that  leads  to  reduction  in  competitive

spending at the time of distress.

JEL Classification: 

Keywords: Capital structure, Product markets, Mark-ups, Business Cycles
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1. Introduction

An important dimension in the design of a firm’s debt structure is its strategic outcomes

in product market place. The survival of a firm is determined by its ability to compete

effectively. Hence the role of capital  structure in a firm’s ability to compete assumes

importance. Recent theoretical work on capital  structure has emphasized not only the

contracting problems among agents within the firm (e.g., managers and investors), but

also the implications of financing decisions for agents outside the firm (e.g., competitors

and consumers). Some of theses theories are briefly described below:

2. Literature Review

1.  “Long purse” or  “Predation” argument:  The basic  argument,  put  forth  by Telser

(1966), stresses that dependence on outside financing can hinder a firm’s ability to

fight competition, which prompts financially unconstrained rivals to pursue predatory

market strategies. In examining this argument, researchers often take some measure

of debt financing as a proxy for financial fragility and study whether that measure is

associated with competitive outcomes such as diminished profits and market share

losses (Phillips (1995)). Financial fragility may also hinder competitiveness in models

where firms use pricing as a means of investing in market share building rather as a

means  of  maximizing  single-period  profits  (Chevalier  and  Scharfstein  (1996)).

Chevalier  and  Scharfstein  argue  that  liquidity-constrained  firms  are  less  likely  to

invest  in  market  share  when  the  liquidation  probability  is  high.  In  recession,

externally-financed firms are more likely to boost price-cost margins at the expense

of future sales. Since prices are strategic complements, their rivals will also inflate

prices, but by an extent given by their own finances. As those rivals raise their prices,

the market share losses of the more constrained firms are reduced. It follows that the

degree of firm markup cyclicality should depend both on the firm’s own financial

3
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constraints  as  well  as  on  the  financial  status  of  its  rivals.  At  the  industry  level,

markups should be less cyclical if firms use more external financing.

2. “Strategic Commitment argument”: An alternative line of argument suggests that debt

many in fact contribute to firm competitive performance. According to Brander and

Lewis  (1986),  a  firm’s  decision  to  use  debt  works  as  a  commitment  to  more

aggressive behavior in the product market. This threat is credible due to the option

like  payoffs  associated  with  debt  under  limited  liability,  and  induces  the  firm’s

unlevered rivals to accommodate by reducing their output. If ex post this dynamic is

found to work, one should observe market share gains for the more levered firms.

However, one difficulty in testing this idea is that the availability of such gains should

ex ante lead to a prisoners’ dilemma-like behavior in which rival firms would use

more debt.

3. “Industry  Equilibrium” models  of  Maksimovic  and  Zechner  (1991)  and  Williams

(1995) suggest that the optimal set of financial contracts for each firm in a industry is

jointly determined with other industry characteristics, such as the number of firms,

riskiness  of  projects,  and  technologies.  Williams  proposes  a  stable  industry

equilibrium supporting the co-existence of profitable firms that are large, make more

fixed-capital  investments,  and  use  more  debt,  with  smaller  firms  that  are  less

profitable use low debt.  

Although  these  theories  have  received  much  attention,  only  a  few  of  their

implications  have  been  empirically  examined.  Directly  testing  those  ideas  is  a

challenging task since it  is  often difficult  to establish whether or not  the competitive

outcomes associated with a firm’s financing decisions were already anticipated by the

firm’s managers and incorporated in their structuring of current capital structure. Another

concern with the interpretation of the empirical relation between capital structure and

product market behavior is that the possibility that both a firm’s financial structure and its

competitive  performance  may  be  jointly  influenced  by  unobserved  (or  unmodeled)

factors arising from the market environment. Hence there may not be causal relationship

between capital  structure  and firm performance.  A study of  competitive  performance

4
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following  capital  structure  changes,  for  instance,  may  assign  a  spurious  causality  to

capital structure if both performance and recapitalizations are influenced by underlying

trends in industry concentration, excess capacity, and growth. 

Campello (2003) mentions that a way to mitigate concerns about the endogenous

nature of the relation between capital structure and competitive performance is to look at

performance following events (assuming that the timing, magnitude and consequences of

these  events  are  not  anticipated by market  participants  and their  financiers)  affecting

product market participants’ incentives (or ability) to compete under  existing financing

arrangements (capital structure existing just prior to the event or shock).

This can be considered as an experimental set-up where the primary interest is to

examine how firms respond/compete to events/shocks under pre-event (pre-shock) firm

characteristics.

2.1 Empirical Evidence

Ofek (1993) tests the relation between capital structure and a firm’s response to short-

term financial distress. Of the sample of firms that perform poorly, higher pre-distress

leverage increases the probability of operational actions, particularly asset restructuring

and  employee  layoffs.  Higher  pre-distress  leverage  also  increases  the  probability  of

financial actions such as dividend cuts.

Opler and Titman (1994) find that highly leveraged firms lose substantial market

share  to  their  more  conservatively  financed  competitors  in  industry  downturns.

Specifically  firms  in  the  top  leverage  decline  in  industries  that  experience  output

contractions  see  their  sales  decline  by 26 percent  more  than do firms in  the  bottom

leverage decile.  Firms with specialized products are especially vulnerable to financial

distress and hence suffer the most in economically distressed periods.

Campello (2003) use shocks to aggregate demand as surrogates for exogenous

changes in the product market environment. He finds that debt financing has a negative

impact on firm (relative-to-industry) sales growth in industries where rivals are relatively
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unlevered  during  recessions,  but  not  during  booms.  In  contrast  no  such  effects  are

observed for firms competing in high-debt industries. At the industry level, the markups

are more countercyclical when industry debt is high. 

3. Variables, Data and Methodology

3.1 Industry-Level Analysis

3.1.1 Hypothesis and Variables

The mark-up testing equation is given below as:

Industry mark-up = f (Industry Leverage, Industry activity, Control Factors) 

There is no consensus to the definition of industry mark-up. Bils’ (1987) proxy allows for

the marginal cost of one hour of labor to change with the level of hours worked in the

industry. Campello (2003) uses a modified version of Bils proxy which is computed in

terms of log deviations of markup from trend. In this current study all the variable costs

including  wage  costs  are  taken  for  mark-up  calculations.  This  includes  production,

marketing and administrative variable costs. This measure is used as it is expected that

mark-up should encompass all variable costs. The variable cost data is available from

Prowess database.

Industry leverage is calculated as the ratio of all  industry borrowing to total  industry

liabilities.  To  avoid  the  problem  of  simultaneity  between  markup  and  leverage,  the

leverage variable enters the specification in lag form. 

Industry activity is given as -Δ(Log(Industry Activity Index)t). This measures the growth

rate in activity in a given industry. CMIE index for various industries are used as a proxy

for level of industry activity.
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The interaction term is given by the product of Aggregate activity and industry leverage.

Changes in markups could be caused because of demand shocks or by cost shocks. For

instance, if following a supply-side shock such as an increase in energy prices, GDP falls

and  unemployment  increases,  then  markups  could  appear  to  be  countercyclical  even

though  changes  in  aggregate  demand  are  of  second-order.  To  adjust  for  cost  side

dynamics, the study includes a variable “Energy” which is the product of energy price

increase and the extent of energy usage by a particular industry. Industries that are energy

intensive are more likely to be affected by energy price increases. Energy usage by an

industry is given as Energy and Power costs to total sales. A composite energy index is

given by the Wholesale Price Index (WPI) for power, fuel, light and lubricants (PFL&L).

Another potential pitfall is the possibility that price markups are driven by the extent of

competitiveness. Firms in non-competitive markets are likely to collude when gains from

deviation are not promising. Herfindahl-Hirshman Index is used as a proxy for industry

competitiveness.

Markups  are  also  affected  by  the  industry’s  costing.  If  an  industry’s  costs  are

predominantly fixed, then the industry has little option but to increase markup in case of

downturn. Hence the ratio of fixed cost to sales is used as a proxy for fixed cost effect.

To summarize

Mark-upt =  f [Industry_Leveraget-1,  -Δ(Log(Industry  Activity  Index)t,  Interaction

between  leverage  and  activity,  Energyt,  Herfindahl-Hirschman  index  of  industry

concentrationt, Fixed_cost_ratiot] 
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3.1.2 Data

All  the manufacturing industries  were considered for  the markup-leverage study.  The

industry definition was based on CMIE classification. Diversified firms, services firms

and heterogeneous firms under the category “other  industries” (e.g.  ‘other  chemical’)

were excluded. The total number of industries considered was 127. 

Table 1 Industry List

Industry_Name Industry_Name
Abrasives Machine tools
Acetic acid Marine foods
Air transport Material handling equipments
Air-conditioners & refrigerators Metal tanks & fabrications
Aluminium Minerals
Aluminium products Motors & generators
Automobile ancillaries Nitrogenous fertilisers
Bakery & milling products Offshore drilling
Ball bearings Oil cakes & animal feed
Beer Paints & varnishes
Bicycles Paper
Books & newspapers Paper products
Carbon black Passenger cars & multi utility vehicles
Castings & forgings Pesticides
Caustic soda Phosphatic fertilisers
Cement Photographic films
Cement & asbestos products Phthalic anhydride
Ceramic tiles Pig iron
Chemical machinery Plastic films
Civil engineering Plastic packaging goods
Clocks & watches Plastic sheets
Cloth Plastic tubes & pipes
Coal & lignite Poultry & meat products
Cocoa products & confectionery Prime movers
Coffee Printing machinery
Commercial complexes Pumps
Commercial vehicles Readymade garments
Communication equipment Refinery
Compressors Refractories
Computer hardware Road transport
Computer software Rubber & rubber products
Consumer electronics Shipping
Copper & copper products Silk textiles

8
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Table 1 Industry List (Continued)

Industry_Name Industry_Name
Cosmetics & toiletries Soaps & detergents
Cotton & blended yarn Soda ash
Crude oil & natural gas Soyabean products
Dairy products Sponge iron
Domestic electrical appliances Stainless steel
Drugs & pharmaceuticals Starches
Dry cells Steel tubes & pipes
Dyes & pigments Steel wires
Electronic components Storage & distribution
Electronic equipments Storage batteries
Electronic tubes Structurals
Explosives Sugar
Fasteners Switching apparatus
Ferro alloys Synthetic fabrics
Finished steel Synthetic yarn
Floriculture Tea
Food processing Textile machinery
Footwear Textile processing
Gems & jewellery Thermoplastics
Glass & glassware Tobacco products
Granite Tractors
Housing construction Trading
Industrial furnaces Transformers
Industrial gases Two & three wheelers
Industrial machinery (excl. chem. &
text.) Tyres & tubes
Inorganic chemicals Valves
Jute products Vanaspati
Liquors Vegetable oils
Lubricants, etc. Welding machinery

The data for all industry variables was collected from 1990-2004. However complete data

for all the variables for all industries was available since 1996. Hence 127 industries X 9

years = 1143 observations were used for analysis.
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3.1.3 Methodology

Panel  data  –  fixed  and  random models  were  used  for  analysis.  Random model  was

rejected at 1% confidence level using the Wu-Hausman statistic. The interaction variable

between leverage and activity is related to activity (R2 = 0.87).  Hence all the variables

are not included in the same model due to multicollinearity problems. There are two

models  estimated:  one  with  leverage  and  activity  and  the  other  with  the  interaction

variable.

3.2 Firm-Level Analysis

3.2.1 Hypothesis and Variables

A natural experimental set-up to test the effect of capital structures on firm performance

is to evaluate firm responses to industry downturns that are of a short-term nature. This is

to reduce the reverse causality and simultaneity bias inherent in such an exercise. Similar

to Opler and Titman (1994), an industry is considered economically distressed when the

industry index of production (as given by CMIE) registers a -25% drop and the market

capitalization drops by 25%. The large negative stock return indicates that the downturn

was unanticipated. The large drop in industry index of production is required to eliminate

those otherwise healthy industries that experience negative stock returns because prior

expectations were unduly optimistic.

Ex ante Leverage 
measured

Industry and firm performance 
measured

-2 -1 0 +1
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Figure 1 Time line for capital structure-firm performance analysis

The ex ante financial leverage is measured two years prior to the base year (year -2) and

sales growth from the base year until a year after the base year (year 0 to year +1). The

ex-event  profitability  is  measured  at  time  T+1.  The  two-year  lag  between  the

measurement  of  financial  vulnerability  and  the  measurement  of  economic  distress  is

introduced to minimize any endogeneity problem arising from the effect of economic

distress on a firm’s access to capital. If the firm’s current leverage ration was used to

measure  the  link  between  leverage  and  firm  performance  then  one  would  generate

spurious results as poorly performing firms might be required to borrow to cover their

losses.

The firm performance model can be given by the OLS equation:

Firm performance (ex event sales growth and ex event profitability)t+1 =  f (Industry

adjusted leveraget-2, Industry adjusted firm size t-2, Industry adjusted firm profitability t-

2,  Industry  adjusted  reserves  and  surplus t-2,  Firm  Age t-2,  Industry  adjusted  firm’s

expenditure on market-share building activities such as advertising, R&D, marketing

and distribution t-2,  Public Dummy, Foreign Firm Dummy, Indian Private Dummy). 
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All the variables are industry median adjusted.

Leverage = Borrowings/Total Liabilities

Firm size = log (Sales)

Profitability = EBITDA/Sales

Reserves and surplus ratio = Reserves and surplus/Total Liabilities

Public Dummy = 1, if the firm is a public entity, 0 otherwise

Foreign Firm Dummy = 1, if the firm is a multinational firm, 0 otherwise

Indian Private Dummy = 1, if the firm is a private Indian firm, 0 otherwise

Market Building Expenses = (Advertising + R&D + Marketing + Distribution)/Sales

3.2.2 Data

The number of  industries  satisfying the  output  contraction of  25% and 25% drop of

market capitalization is 29. The industry list is given in table 2. CMIE Industry indices

were used as a proxy for industry output.
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Table 2 Distressed industry list

No Industry Year of
Distress

Number of
firms

1 Ball Bearings 1993 10
2 Tobacco Products 1995 7
3 Tea 1995 33
4 Refinery 1995 4
5 Textiles 1996 43
6 Synthetic yarn 1996 50
7 Soaps & Detergents 1996 22
8 Shipping 1996 13
9 Plastic Products 1996 10
10 Paper 1996 47
11 Nitrogenous Fertilizers 1996 13
12 Minerals 1996 19
13 Industrial Machinery 1996 24
14 Finished Steel 1996 72
15 Ferrous Metals 1996 13
16 Electronics 1996 123
17 Cotton & Blended Yarn 1996 114
18 Cement 1996 44
19 Cloth 1996 40
20 Switching Apparatus 1997 14
21 Automobile Ancillaries 1998 109
22 Commercial Vehicles 1998 5
23 Passenger Cars & Multi Utility Vehicles 1998 5
24 Prime Movers 1998 8
25 Soaps & Detergents 2001 22
26 Electronics 2001 123
27 Communication Equipment 2001 19
28 Computer Software & Hardware 2001 64
29 Lubricants, Etc. 2001 16
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4. Results

4.1 Industry-Level Analysis

The  ‘F’ ratio  for  no  fixed  effects  is  rejected  at  1%  level  of  significance.  The  null

hypothesis of random effects model is also rejected at 1% level of significance using the

Hausman statistic.

The intercept of 0.22 represents the markup in a debt free, perfectly competitive and zero

fixed cost industry under no growth. Consider different cases. An increase in debt ratio

from 0% to 100% decreases the markup by 27% to 0.16 (0.22 – 0.06), under no growth

condition. If a zero-debt industry undergoes a downturn and its output drops by 10% the

markup increases by about 1% (0.1*0.0241/0.2219). A 100% debt ratio that undergoes an

output contraction of 10% witnesses a markup of about 1.5% (0.1*0.0241/0.16).

An increase in industry concentration (say an increase in Herfindahl-Hirschman index by

1000) increases the price-markup by 2.7% (1000*5.9e-6/0.22) for a zero-debt industry

and 3.7% (1000*5.9e-6/0.16) for a 100% debt industry. Increasing fixed-cost ratio from 0

to 0.5 increases the mark-up by 0.02. This translates into a 9% increase for a zero-debt

industry and about 12% increase for a 100% debt industry.

The hypothesis that leveraged industries during downturn increase the markup can be

tested  by  the  significance  of  the  interaction  term  in  model  2.  The  interaction  term

(Industry_Leveraget-1*  -Δ(Log(Industry  Activity  Index)t)  should  yield  a  positive

coefficient as per the hypothesis. This is observed in the results presented in Table 3. The

energy variable however doesn’t appear significant in determination of markups.

Table 3 Markup determinants – Model 1
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Dependent Variable: Markup

Number of Cross Sections 127
Time Series Length 9

Fit Statistics
SSE 1.6071 DFE 1010
MSE 0.0016 Root MSE 0.0399

R-Square 0.8893

F Test for No Fixed Effects
Num DF Den DF F Value Pr > F

126 1011 47.75 <.0001

Variable DF Estimate
Standard
Error t Value Pr > |t|

Intercept 1 0.2219 0.0167 13.20 <.0001
Leverage_Minus_One 1 -0.0611 0.0173 -3.54 0.0004
DiffGDP 1 0.0241 0.00642 3.76 0.0002
Herfindahl_Index 1 5.90E-06 1.44E-06 4.09 <.0001
Energy 1 -0.4895 0.5047 -0.97 0.3323
Fixed_Cost_Ratio 1 0.0408 0.00241 16.96 <.0001

Hausman Test for Random Effects

DF
m
Value Pr > m

3 31.63 <.0001
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Table 4 Markup determinants – Model 2 (With interaction term)

Dependent Variable: Markup

Number of Cross Sections 127
Time Series Length 9

Fit Statistics
SSE 1.6306 DFE 1012
MSE 0.0016 Root MSE 0.0401

R-Square 0.8876

F Test for No Fixed Effects
Num DF Den DF F Value Pr > F

126 1012 54.29 <.0001

Variable DF Estimate
Standard
Error t Value Pr > |t|

Intercept 1 0.1962 0.0153 12.84 <.0001
Interaction 1 0.05914 0.0145 4.07 <.0001
Herfindahl_Index 1 5.0660E-06 1.435E-06 3.53 <.0004
Energy 1 -0.5915 0.5070 -1.17 0.2436
Fixed_Cost_Ratio 1 0.0422 0.00239 17.69 <.0001

Hausman Test for Random Effects

DF
m
Value Pr > m

4 29.14 <.0001

Thus we find that leverage does play an important role in industry price dynamics. There

is strong evidence for counter-cyclical markup movements as put forth by Chevalier and

Scharfstein (1996) and empirically examined by Campello (2003).
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4.2 Firm-Level Analysis

Sales Growth Analysis

The results in table 5 show that firms that use debt above the industry median, experience

a lower sales growth compared to the industry.

Δ (Industry adjusted firm sales growth)/ Δ (Industry adjusted firm debt ratio) = -0.0144

The intercept represents the benchmark category of Indian group affiliated firm keeping

all  other  firm characteristics  as zero.  This category of  firms experience a  5% excess

growth rate over the industry median. However it is inappropriate to assume all the firm

characteristics simultaneously zero. Hence a new benchmark category is created which

assumes an Indian group affiliated firm with firm variables assuming industry median

values. Such a firm experiences an industry-adjusted growth rate of: [1.04987 - 0.01442

(1) - 0.03269 (1)] - 1 = 0.00276 or 0.276%.

So if a firm has a debt ratio that is 2 times of the industry median, it is likely to grow at

an industry-adjusted rate of about 1.44% below the new benchmark category. In contrast

a  stand  alone  Indian  private  firm  experiences  a  3.57%  growth  rate  below  the  new

benchmark category.

A surprising result from this analysis is that larger firms exhibit sluggish growth. The

reason could either be the “base effect” wherein smaller firms could register a sharper

growth  rate  because  of  the  smaller  sales  figure  used  in  growth  calculations  in  the

denominator  or  it  could  be  due  to  the  fact  that  smaller  firms  react  more  swiftly  to

downturns  as  it  threatens  their  very  existence.  In  contrast  larger  firms can withstand

shocks much better without facing bankruptcy. But the downside to this is their slow

response to shock situations.

Presence of higher reserves compared to the industry before the distress doesn’t seem to

affect  the  post  distress  sales  growth.  Firm  profitability  pre-distress  does  seem  to

17

2426



positively affect the sales growth post-distress but the effect is statistically significant

only at 10% level and its economic significance is also quite small.

Market-building  expenses  relative  to  industry  pre-distress  is  used  as  an  explanatory

variable because some of these investments are of a strategic nature whose effects are

observed over  time.  Firms  with  a  higher  level  of  market  building  expenditure  could

possibly  enjoy  better  sales  growth  post-distress.  However  the  results  show  that  this

variable doesn’t appear to be statistically significant.

Foreign firms do not exhibit a statistically different behavior from Indian group affiliated

private firms

The evidence from this analysis needs to be taken with caution because of low R2 value.

Many more factors might be necessary to explain a larger proportion of the sales growth

variability. However the presence of low R2 is consistent with the evidence of Opler and

Titman (1994) who get R2 in the range of 2 to 5%. 

The testing equation as whole is statistically significant at 5% level of significance as

evident from the F value.
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Table 5 Sales Growth analysis post distress event

Dependent variable: (1+Firm sales growth)/(1+ Industry sales growth) 
[1 is added in order to take care of zero firm and/or industry sales growth] 

   Analysis of Variance

Source DF
Sum of
Squares

Mean
Square F Value Pr > F

Model 9 0.91629 0.10181 2.08 0.0291

Error
93
1 45.65758 0.04904

Corrected Total
94
0 46.57387

Root MSE 0.22145 R-Square 0.02
Dependent Mean 0.98833 Adj R-Sq 0.01
Coeff Var 22.40688

Parameter Estimates

Variable DF
Parameter
Estimate

Standard
Error t Value Pr > |t|

Intercept 1 1.04987 0.02132 49.24 <.0001
Debt_Ratio 1 -0.01442 0.00615 -2.35 0.0192
Size 1 -0.03269 0.01381 -2.37 0.0181
Profitability 1 0.00182 0.00112 1.62 0.105
Reserves_Ratio 1 -0.00124 0.00201 -0.62 0.5358
Firm_Age 1 6.03E-05 0.000364 0.17 0.8684
Public_Dummy 1 0.00901 0.03056 0.29 0.7681
Market Building Expenses 1 0.000308 0.00137 0.22 0.8229
Foreign_Dummy 1 0.02596 0.03068 0.85 0.3977
Indian_Private_Dummy 1 -0.0357 0.01644 -2.17 0.0301
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Profitability Analysis

As seen from table 6, the profitability regression equation is statistically significant at 1%

(F = 10.22).

The  intercept  represents  the  industry-relative  profitability  for  Indian  group  affiliated

private firms.

The  intercept  represents  the  industry-relative  profitability  of  the  benchmark  category

assuming all other variables being zero. However this is not appropriate as a base case

since all the basic firm characteristics cannot be zero simultaneously. The interpretation

of  other  explanatory  variables  is  to  be  done  with  reference  to  a  newly  constructed

benchmark category that assumes that firm characteristics are at industry median values.

                     (1 + Firm Profitability)      

Intercept =   = 0.94

                   (1 + Industry Profitability)

Let Industry Profitability = δ

 Firm Profitability = 0.94 (1+δ) - 1

E.g. if δ = 20%, then Firm Profitability = 12.8%
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Benchmark calculations:

Debt ratio: Debt ratio negatively influences profitability. Decrease in debt ratio relative

to industry median value increases firm profitability. If the firm has debt usage that is

50%  of  the  industry  median  value  then  the  firm  has  a  profitability  of  about  33%

(assuming  industry  profitability  =  30%).  This  represents  an  increase  of  32%  with

reference to the benchmark category.

Size: Size increases the industry adjusted profitability. Consider a firm which is twice the

size of the industry median firm size. Such a firm is expected to have a profitability of

about 53% (assuming industry profitability = 30%). This represents an increase of 52%

with reference to the benchmark category.

                     (1 + Firm Profitability)      

Intercept =   

                   (1 + Industry Profitability)

= Intercept – 0.487*Debt Ratio + 0.391* Size + 0.022 * Profitability – 0.083* Reserves Ratio

= 0.94 - 0.487 (1) + 0.391 (1) + 0.022 (1) – 0.083 (1)

= 0.783

Let Industry Profitability = δ

 Firm Profitability = 0.783 (1+δ) - 1

E.g. if δ = 30%, then Firm Profitability = 1.02%

In other words, this benchmark firm which assumes industry median values for different firm

characteristics namely, is about 29% less profitable than the industry median.
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Profitability:  Firms  which  are  more  profitable  ex-distress  compared  to  the  industry

median are likely to be more profitable than industry median post-distress (compared to

the benchmark category). Consider a firm which is twice more profitable before distress

event, with other firm characteristics at industry median values. Such a firm exceeds the

benchmark firm profitability by about 4%.

Reserves_Ratio: Surprisingly  reserves  negatively  influence  firm  profitability.

Profitability is defined as PBDIT/Sales. Reserves could affect sales and/or expenses and

hence profitability. A possible reason for this could be that firms with excess pre-distress

reserves are not utilizing the same for strategic market building investments. The effect of

this could be resulting in lower market sales post distress and hence lower profitability.

Another explanation could be that firms with above industry average reserves utilize the

same in grabbing market share during the distress period by spending more on R&D or

marketing/advertising/distribution expenses.  This would result  in higher expenses and

lower  profitability.  However  the  correlation  between  pre-distress  reserves  and  post-

distress expenditure on market building activities is negligible, so also is the bivariate

regression between the two variables. Hence the latter explanation doesn’t hold in the

Indian context. 
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Table 6 Profitability analysis post distress event

Dependent variable: (1+Firm Profitability)/(1+ Industry Profitability) 
[1 is added in order to take care of zero firm and/or industry Profitability] 

Analysis of Variance

Source DF
Sum of
Squares

Mean
Square F Value Pr > F

Model 9 426.8259 47.4251 10.22 <.0001

Error
93
1 4319.718 4.63987

Corrected Total
94
0 4746.544

Root MSE 2.15404
R-Square 0.0899
Adj R-Sq 0.0811

                                      Parameter Estimates

Variable DF
Parameter
Estimate

Standard
Error

t
Value Pr > |t|

Intercept 1 0.94462 0.20738 4.56 <.0001
Debt_Ratio 1 -0.48689 0.05978 -8.14 <.0001
Size 1 0.39117 0.13432 2.91 0.0037
Profitability 1 0.02187 0.01094 2 0.0459
Reserves_Ratio 1 -0.08255 0.01952 -4.23 <.0001
Firm_Age 1 -0.00072 0.00354 -0.2 0.8398
R_D_Marketing_Advertising_Expens 1 0.00323 0.01337 0.24 0.8089
Public_Dummy 1 0.00239 0.29726 0.01 0.9936
Foreign_Dummy 1 0.1216 0.29838 0.41 0.6837
Indian_Private_Dummy 1 0.2757 0.15989 1.72 0.085
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5. Conclusions
Past theoretical and empirical work on capital structure has focussed on the dynamics

between internal participants namely managers and investors. Capital structure impact on

external agents such as competitors is of paramount importance. Recent literature stresses

that  a  firm’s  mode  of  financing  influences  its  own  and  its  competitor’s  competitive

outcomes. Empirical testing of these ideas is difficult due to the endogenous nature of

relation between capital structure and competitive performance. This paper attempts to

mitigate this problem by assessing the firm performance following an industry distress

situation. In the current study a distress situation is defined as one where an industry

output  and market  capitalization contracts  by 25%. This  is  to  capture  those  industry

downturn events which are significant and sudden. Firm sales growth and profitability

adjusted for industry values are linked to firm debt usage relative to industry values. We

find that firms that use higher debt compared to industry witness slower sales growth.

This  lends  support  to  the  hypothesis  that  highly  levered  firms  become  financially

constrained during industry downturns. This forces them to reduce their market building

expenditure such as R&D, advertising, distribution, pricing etc which reflects in their

post-distress performance. Firm profitability also significantly drops post event compared

to the benchmark firm that assumes industry median values of firm characteristics. This is

especially  significant  for  smaller  firms.  A possible  explanation for  this  could be that

smaller firms get squeezed both on the sales front and on the expense front. During a

downturn smaller firms face higher bankruptcy costs in the form of reducing customer

base,  costly  credit,  tougher  supplier  and credit  terms.  All  this  has  a  toll  on the  firm

profitability. Increased debt worsens the situation for smaller firms. On the other hand

larger firms are in a position to withstand such shocks at least in the short-term. The

paper  also  finds  support  for  counter-cyclical  industry  mark-up  behaviour  for  levered
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industries  similar  to  that  of  Chevalier  and  Scharfstein  (1996)  and  Campello  (2003).

Mark-up is tested in the presence of other control factors such as industry concentration,

energy utilization and energy price increase and industry fixed-variable costing structure.
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Summary 

In 1990 Poland reactivated local governments and several years later the territorial reform 

introduced two new (apart from communes) local government levels: counties and provinces. 

This led to the increase in the number of entities running specific activities and therefore 

needing various banking services. Local governments are attractive clients for banks, because 

they have at their disposal significant and absolutely credible financial resources. Moreover, 

local governments have a big developing potential and numerous needs. Apart form that, the 

number of local government units makes them important clients of banking industry now and 

in future. The value of the cooperation becomes even more important in the context of 

Poland’s presence in the EU.  

The aim of the article is to present the scope and character of cooperative banks’ 

collaboration with local government units in Poland, as well as to identify the basic obstacles 

in this collaboration indicated by various cooperative banks. The author of the article 

presents the results of the questionnaire survey conducted as for 31/12/2007 among 140 

cooperative banks, associated in one of Polish associate banks and serving nearly 600 local 

government units in Poland.  

 The research results presented in the article concern cooperative banks’ policy 

towards local government units concerning bank account and term deposit services. 

Moreover, the article describes the level and character of the units’ indebtedness in the 

selected cooperative banks. The conclusion presents the main obstacles of collaboration 

between cooperative banks and local government units, as well as the banks’ relevant 

expectations from the associate bank. Apart from that, the author attempts to evaluate the 

collaboration and indicates changes that ought to be introduced in order to make the 

collaboration more efficient.  
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1. Introduction 

The collaboration between banks and local governments started after local 

governments’ reactivation in 1990. For the next eighteen years significant changes have taken 

place both in economic and social reality of Poland. These changes have had an impact on the 

formation of local governments, as well as on the process of banks’ adaptation to operating in 

the new environment of the market economy.     

As a result of the public administration reform effected in 1999, local government 

units have been created also at the level of districts and provinces. This resulted in the 

increase in the number of local government units that (according to the Public Procurement 

Law of 2004) are entitled and obliged to choose banks for cooperation. The cooperation is to 

go beyond the scope of finances, as the banks should also help the local government units to 

make important economic decisions. At the same time however, banks look at local 

government units as if they are their potential, attractive clients (Kotlińska, 2000; Dolata, 

Stanisławiszyn, 1998). 

According to the general opinion, the optimal model of the cooperation between 

government units and banks ought to take into account the following modules:  

- safe storing of financial resources in the bank accounts, as well as fast, safe and 

timely transfers of the resources to other banks and institutions,  

- hedging the financial resources against the loss of value related to inflation 

(services involving depositing resources, ranging from short- to long-term 

deposits), 

- facilitating financial settlements between local government units and their 

employees, 

- consulting and active participation in creating the system of guarantees for the 

proper realization of contracts by business entities working for local government 

units, 

- intermediating in the privatization of local governments’ real estate,  

- financing the activities of local governments (organizing bond issues, crediting, 

factoring),  
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- consulting and support in acquiring the EU funds (consultancy in filling 

documentation forms, bridge financing, creating syndicates and local activity 

groups).  

In the light of the above information and the increasing significance of inter-bank 

collaboration, the subject and aim of this article appear to be important and interesting. The 

subject of the research was a group of cooperative banks, which are in many ways 

characteristic and which have been bonded to local governments form many years.  

 

2. The aim and methods of the study 

The aim of the study was to specify the scope and character of the collaboration 

between cooperative banks and local government units, as well as to identify the basic 

obstacles that, according to the cooperative banks, inhibit the collaboration. The study was 

conducted in the first quarter of 2008 among the cooperative banks associated in one of Polish 

associate banks. The study was carried out through a survey, as the basic research method, 

and through direct interviews, as the complementary method. The questionnaires were filled 

by 140 out of 151 banks belonging to the analyzed association. 

The survey was conducted as of 31/12/2007. The questionnaire consisted of 21 (Y/N, 

half-open and open) questions, divided into the following groups:  

a) basic information (5 questions), 

b) bank account services (5 questions), 

c) term deposits (3 questions), 

d) financing the activities of the local government units (4 questions), 

e) other areas of cooperation between the bank and a given local government unit 

(2 questions), 

f) the cooperative bank’s expectations from the associate bank as far as services 

for local government units are concerned (1 open question), 

g) other remarks concerning the collaboration of the cooperative bank with a 

given local government unit (1 open question).  

One questionnaire concerned the cooperation of one bank with one local governmental 

unit, so if a given bank cooperated with, e.g., three units, it needed to fill three questionnaires. 

The data from the survey have been complemented through direct interviews conducted with 

the employees of the bank associating the surveyed cooperative banks.  
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3. The scope of collaboration between local government units and cooperative banks –

the study results 

The first issue raised in the study concerned the number and types of local government 

units to which the surveyed cooperative bank rendered services. The first of the two 

relationships (the number) is presented on the diagram below.  

 

Diagram 1 

The number of local government units serviced by cooperative banks (as of 31/12/2007) 
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Source: The author’s own work based on the conducted survey. 

 

 According to the data as of 31/12/2007, all of the surveyed banks cooperate with local 

government units. Out of the 140 analyzed banks, 30 cooperate with one unit, 25 with two 

and 23 with three units. On the opposite end of the scale ranked one champion bank that 

cooperates with as many as 20 local government units. Four surveyed banks have twelve local 

government units among their clients; three banks collaborate with 11 and another three with 

10 local government units. Together, all of the surveyed banks render services to as many as 

578 units.            

 According to the study, the clients of cooperative banks are predominantly 

municipalities, which together constitute 92,2% of all the units collaborating with the 

surveyed banks. The most numerous group among them is made of rural municipalities 
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(57,8% of all serviced units). Counties appeared to be the second most important clients of 

cooperative banks (7,6%). Also, one of the surveyed banks collaborates with an urban county 

(an independent town, the so-called powiat grodzki) (diagram 2). 

 

Diagram 2. 

The structure of local government units serviced by cooperative banks according to the 

types of the units (as of 31/12/2007) 

7,6%0,2%7,4%

27,0%

57,8%

county urban county

urban municipality urban-rural municipality

rural municipality

 

Source: The author’s own work based on the conducted survey. 

 

 At this point it is worth mentioning that 467 out of 578 (80,8%) local government 

units are regarded as strategic clients by the surveyed banks that cooperate with them. It is 

interesting that not all the banks have special offers for local government units, even if they 

claim they have. The related data are presented on the diagram 3.        

 In the data analysis from the perspective of the banks’ attitude towards their local 

governmental clients, the banks were divided into 8 groups, depending on their responses in 

the questionnaire. The first and the most numerous type A group (38,6%) consisted of the 

banks that regard local governmental units as their strategic clients but do not have any 

special offer for them. The banks marked as type B (13,6%) also treat local governmental 

units as strategic clients and they have a special offer prepared for them. The next group 

consists of  banks that do not consider the local government sector as their strategic client. 

However, some of these banks also have a special offer for local government units (type D); 

those that do not have such an offer have been marked as type C. Type E (16 banks, i.e.,  

11,4%), on the other hand, labels those banks that appear to lack consequence in their actions: 
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much as they describe all local government units as strategic clients, they have special offers 

only for some units and no offers for others. The last group consists of banks that render 

services to many local government units but describe only some of them as their strategic 

clients. Three types were differentiated within this group: banks with no special offer for the 

local government sector (type F), banks with special offers only for selected local government 

units (type G) and banks that have special offers for the sector, regardless of whether they 

consider it strategic or not (type H). 

Diagram 3. 

A-H types of the cooperative banks  

38,6%

13,6%

8,6%

2,9%
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7,9%16,4%
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Source: The author’s own work based on the conducted survey. 

 

 The first analyzed area of cooperation concerns bank accounts. As of 31/12/2007, 

523 out of 578 local government units serviced by surveyed banks, i.e., 90,5%, had current 

bank accounts used for budget operations. In the case of 91,8% of these local government 

units (i.e., 480), their cooperative bank, apart from running their current bank accounts, ran 

also accounts of such local government entities as hospitals, municipal health centres, 

kindergartens, primary schools, lower secondary schools and municipal entities. One of the 

analysed issues was the question of bank account charges as well as interest on the accounts. 

Bank accounts of 242 local government units (46,3%) were free of charge, whereas 281 units 

(53,7%) were charged for the service. 457 local government units (87,4%) were entitled to 

interest on their accounts.  

 Another area of collaboration between cooperative banks and local government sector 

concerns term deposits. The gathered data show that 59,0% out of 578 local government 
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units serviced by the banks have term deposits and in the case of 82,4% of them, the bank 

guarantees the possibility of negotiating the term deposit interest rates. However, in the case 

of 51 local government units, their term deposits bear interest only after depositing the 

required amounts of resources, which ranges across: PLN 1.000.000 (7 banks), PLN 350.000 

(8 banks), PLN 300.000 (1 bank), PLN 200.000 (1 bank), PLN 100.000 (17 banks), 50.000 

(12 banks), PLN 20.000 (2 banks) and PLN 10.000 (3 banks). As for the extent of utilising the 

deposit facilities, it is worth emphasizing that more than 62% of the serviced local 

government units use home banking services. 

As for the credit offer, the gathered data show that 320 out of 578 local government 

units serviced by the surveyed cooperative banks (55,4%) use short-term credit facilities to 

finance their current activities. Investment loans, on the other hand, at the end of 2007, 

amounted to PLN 378 mln. Together with the associate bank’s share in financing local 

government investments that equalled PLN 300 mln (mostly syndicates), the total capital 

commitment of the cooperative group amounted to PLN 678 mln1. It is worth emphasizing 

that only 234 local government units (73,1% of all the units that opted for the credit offer of 

their banks) received their loans after a credit rating procedure tailored for local government 

units. In the remaining cases, the adopted procedures were the same as in the case of 

businesses, which resulted in numerous problems. 

When recapitulating the three basic areas of collaboration between cooperative banks 

and the local government sector, it is interesting to compare the collected data and analyze 

them from the perspective of comprehensiveness of bank services rendered to a given local 

government unit. The data are presented in Table 1. 

 

Table 1. 

Comprehensiveness of bank services rendered to the analysed local government units  

(as of 31/12/2007) 

Local government 

units Bank account(s) 
Term 

deposits 
Crediting 

number % 

yes yes Yes 176 30,4 

yes yes No 159 27,5 

yes no No 81 14,0 

no yes Yes 3 0,5 

no no Yes 39 6,7 

                                                 
1 Data concerning crediting are largely general, due to very general responses received from the surveyed banks 
in this respect.   
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no no No 9 1,6 

no yes No 3 0,5 

yes no Yes 108 18,7 

TOTAL: 578 100,0 

Source: The author’s own work based on the conducted survey. 

 

Almost one third (30,4%) of the local government units serviced by cooperative banks 

are comprehensively serviced at the basic level, i.e., the banks run current bank accounts of 

local government units and/or their entities, as well as term deposit accounts; they also 

finance the units’ current activities and investments. Those local government units that do not 

use credit facilities, but have current  bank and term deposit accounts rank second (27,5 %). 

The third most numerous group (18,7%) consists of units that have bank accounts in 

cooperative banks and use them to credit their current activities and/or investments.  

Finally, it is worth adding that some cooperative banks collaborate with the local 

government sector also in other areas. In the case of 39 local government units cooperating 

with the surveyed banks, the banks’ services include support in acquiring the EU funds, in the 

case of 24 units – financial consulting and in the case of three units (two counties and one 

municipality)  – organizing bond issues. 

As for the cooperative banks’ collaboration with the associate bank in rendering 

services to local government units, 99 per cent of the 140 banks that filled the questionnaire 

are satisfied and have no additional expectations or suggestions. Among the remaining 41 

banks that expect more support from the associate bank the most, i.e., 13 banks expect better 

cooperation within the bank syndicates; 7 banks count on the cooperation in the field of 

securities, i.e., issuing municipal bonds; 6 banks indicate the need for tailoring deposit offer to 

the specificity of the local government sector; 6 banks count on the support of their offer for 

local governments; 6 banks expect support in public biddings; 5 banks suggest creating the 

tool for evaluating the credit capacity of a local government unit. Among the postulates are 

also: preparing charge carts for beneficiaries of municipal and county benefits and creating a 

special procedure of financing associations and foundations.              

 

4. Conclusions 

The results of the survey showed the strong position of the surveyed association on the 

self government market. Together, all the banks that filled the questionnaire render services to 

578 local government units, the number comprising 533 municipalities, 44 counties and one 

urban county. What is worth mentioning is that both sides are aware of the need for mutual 
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cooperation and of potential profits that it generates. This is clearly reflected in the results of 

the study. More than 80% of the surveyed banks regard local government units as strategic 

clients. A the same time, a significant group (30,4%) from among the local government units 

that are the banks’ clients, comprehensively uses the banks’ offer. Such a synergy of the 

surveyed entities may stem from the fact that cooperative banks have often operated in their 

municipalities for years and, knowing perfectly well the specificity of the local environment 

and community, they can relatively quickly adjust their offer to the needs of the local market. 

Moreover, the growing competition in the bank sector is an additional catalyst of the changes.  

Another important fact is that many of the surveyed banks had no critical remarks 

concerning their cooperation with local government units. Many banks described this 

cooperation as satisfactory, faultless, positive or even model. As for drawbacks, the most 

often mentioned problems and at the same time barriers to cooperation may be divided into 

two groups: (1) those on the part of the banks themselves or on the part of the whole 

association, (2) those on the part of the local government units. The most commonly 

mentioned barriers form the first group were: the lack of a uniform procedure of credit 

capacity evaluation that would be applied by all the associated banks, the lack of an IT tool 

that could be used in the process of evaluation, different imperfections of the home banking 

system, no common base of tender offers for the whole association, difficulties in preparing 

tender offers and the need for legal assistance in this respect, overcomplicated procedures of 

credit giving by the cooperative bank-associate bank syndicate. The most commonly 

mentioned problems on the part of the local government units were: delays in submitting 

current budget statements, insufficient development of the IT infrastructure (which limits or 

hinders the development of e-banking), small budgets and a high level of indebtedness of the 

local government units, which make it difficult to credit the local governments’ activities (this 

problem is pointed out most often in the case of rural, economically weak municipalities).        
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LINKAGES BETWEEN THE MALAYSIAN MARKET AND SOME 

SELECTED MARKETS 

Lim Ai Li and Shaista Wasiuzzaman 

 
 

ABSTRACT 
 
 

Many researchers claim that the stock markets are getting more and more 

integrated. In other words, it is believed that there are stronger financial market linkages 

or co-movements among the stock markets around the globe. We attempt to determine 

whether there are financial market linkages or co-movements. We have used three 

methods to examine the linkages or co-movements, namely, the correlation analysis, 

contegration analysis, and Granger-Causality test.  The results for the correlation analysis 

suggest that financial market linkages are weak among the four countries undertaken in 

this study.  Cointegration tests find that there is a long-run relationship as there is at most 

a single cointegrating vector. Finally, the Granger causality test finds that most of the 

stock markets are influencing other stock markets. Overall, the four stock markets do 

seem to have financial market linkages, or in other words, co-movement exists among 

these four stock markets. 

 

JEL Classifications:  C32, F21, F36, G10, G15 

Keywords: Financial Market Linkages, Cointegration, co-movement 
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INTRODUCTION 

The infamous October crash in 1987 had led to the mushrooming of the studies on 

the linkages and direction of information flow between various stock markets around the 

globe.   19th October 1987 is, indeed, a date to be remembered and has even garnered a 

name for itself, known as the Black Monday. On that fateful Monday, the New York 

Stock Exchange’s (NYSE) Dow Jones Industrial Average (DJIA) recorded a drop of 

approximately 22.61%. Not only did it affect the US market, it also caused chaos in other 

financial markets around the globe. For instance, on the next day, the Asia financial 

markets which started operation more than 10 hours ahead of the US faced the adverse 

effect following the plunge in the DJIA. The stock markets in Hong Kong and Australia 

had fallen by about 40 to 45% at month end.  Some empirical studies have shown that the 

correlation across international markets strengthened tremendously during the crash 

period, indicating that financial market linkages or market interdependencies existed in 

the late 1980s. On top of that, the lead-effect seems to have strengthened as well. One of 

the reasons was that investors at that time viewed events happening in foreign countries, 

especially the more developed ones, such as the US, as having a great impact on the 

countries they were investing in. This event seems to indicate that the world economy is 

being led by the US.  As quoted by Chan (2002), “The financial market in United States 

has long been seen as the leader of global financial market.”  

10 years later, history seemed to repeat itself when the Asian countries were 

bludgeoned again by another wave of financial crisis attack. It was triggered by the 

devaluation of the Thai currency in July 1997. Eventually, other countries in the region 

were also affected, such as Malaysia, Philippines, and Indonesia. Besides having an 
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impact on the currencies, the stock markets were deeply affected with the Thai stock 

market losing 75% of its market value.  As at the beginning of 1997, the Bursa Malaysia 

was above 1,200 points. In July of the same year, however, the Bursa Malaysia dropped 

more than 50% from above 1,200 points to below 600 points. The Philippine stock 

market also plunged more than half, from some 3,000 points to 1,000 points within the 

same year. In fact, not only the countries in the Southeast Asia were deeply affected. The 

Asian Flu also generated substantial impact on the US and Japanese stock markets as 

well. Both these economies were severely hit by the flu. Few months after the Thai 

currency devaluation, on 27th October 1997 to be exact, the Dow Jones Industrial 

Average fell 552 points or 7.2%. Even the New York Stock Exchange suspended trading, 

though for a short while. As for Japan, its stock market was affected due to its role as the 

regional stock market in the Asia-Pacific region. The 1997 Asian Financial Crisis 

rekindles the interest to study that particular topic again.  

We wish to examine whether co-movements between stock markets exist. Some 

researchers in the past had proven that financial market linkages do appear between 

certain countries. However, with the transience of time, the financial markets have 

experienced changes in one way or another and there could possibly be a reversal of 

action, be it a partial reversal or a total reversal.  

Many investors agree that the world economy is being led by the United States.  

Eun and Shim (1989) find that the most influential stock market in the entire world 

comes from the US. Nevertheless, many have also had the perception that the world is 

getting less dependent on the US stock market in recent years. In this new millennium, 

years after the 1997 Asian financial crisis, Asian countries are developing and recovering 
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at a tremendous speed, as pointed out by Yu (2001). Some studies have shown that 

market linkages intensified after post-crisis period of 1987 and 1997.  With the incredible 

growth rate experienced by the affected countries, is it possible that the financial market 

linkages between those countries and the US have weakened? Is the US market playing a 

less important role as the proxy market?  

 The next issue highlighted in this paper is the direction of information flow. The 

causality element is being examined here. Many studies have been carried out and the 

US, again, is the eminent country which is included in almost all the studies. The results 

of these studies are mixed. Some demonstrated that the US market plays a dominant role 

of exerting a significant influence on other stock markets, especially after the crisis 

periods.  Others concluded that the US does not influence other stock markets. Besides 

the US, another popular proxy used is the Japanese stock market. Being the second 

largest stock market in terms of monetary value, Japan does seem to influence other stock 

markets, especially those in the Asian-Pacific region. Just like for the case of US, the 

results for Japanese stock market are mixed. A number of studies showed that the 

Japanese stock market does not have any impact on other stock markets. 

 In this paper, we attempt to find out whether stock market linkages exist among 

the stock markets of US, Japan, Singapore, and Malaysia. The Malaysian stock market is 

our main subject of interest.  The US stock market is selected since many investors 

believe that it is the market leader so we wish to investigate how prominent it is. The 

Japanese stock market is taken into account for its role as the regional market leader in 

the Asia-Pacific region. Because of that, it is useful to know whether Japan still holds on 
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to this title. The Singaporean stock market has long been said to be closely correlated to 

the Malaysian stock market. Hence, Singapore is chosen to test whether this is true.  

In order to determine whether stock market linkages are present, correlation 

analysis, cointegration test and Granger-causality tests are performed.  The correlation 

analysis is done to ascertain whether short term linkages exist, cointegration test to 

specify whether long-term relationships are significant and the Granger-Causality test to 

indicate whether returns of one market influence another   

The remainder of this paper is organized as follows: A review of literature 

concerning the stock market linkages is carried out in section 2, followed by a brief 

description of the data used and the methodology in section 3.  Section 4 discusses the 

results and findings and Section 5 concludes. 

 

 

LITERATURE REVIEW 

 As mentioned before, there have been many studies done on market 

linkages since the 1987 crisis.  Tests carried out dealt with return and volatility linkages 

to gauge information flow between markets.  Hamao et al. (1990), for instance, attempted 

to determine whether the changes in the price of security in one market had influence 

over another market and also whether the changes in volatility of one market had any 

affect on another market, using Autoregressive Conditional Heteroscedasticity (ARCH). 

They found that there were price volatility spillover effects from the US and UK markets 

to the Japanese market, and from the US market to that of Japanese. It gave the picture 
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that from the three major stock markets around the globe, the most influential stock 

market is the US market.  

Malliaris and Urrutia (1992) investigate the lead-lag relationships for six stock 

market indices of the US, Japan, the UK, Hong Kong, Singapore, and Australia 

respectively, using Granger-Causality test. The timeframe is divided into the pre-, during, 

and post- 1987 crash period. There was a unidirectional causality between the markets 

during the month of the crash but no lead-lag relationship existed before and after the 

crash.  

 Arshanapalli and Doukas (1993) use bivariate cointegration to examine 

the changes of dynamic interactions among international stock market indices. They 

showed that there was no interdependence between the US international stock markets 

prior to the October 1987 crash. However, except for the Nikkei, the co-movements of 

stock prices increased significantly after the crash period. At the same time, evidence of 

unidirectional causality from the US to the France, German and the UK stock markets 

was documented. They attributed these findings to the loosening of financial deregulation 

after the crisis. 

 Masih and Masih (1998) too examined the presence of cointegration using JJ 

procedure (Johansen & Juselius, 1990) and the results showed that there was at most a 

single cointegrating vector. Hence, long-run relationship exists. They further “modify” it 

to test temporal causal dynamics among stock prices. Vector-correction modeling was 

used to test for short-run and error-correction channels.  The US market was found to be 

the price leader. However, it is interesting to note that in the short run, the UK seemed to 
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be the more influential market, rather than the usual US market and that Japan market is 

becoming more and more influential with the passing of time. 

Kanas (1998) examined the cointegration relationships between the US and six 

main European stock markets, consisting of the UK, Germany, Switzerland, France, Italy, 

and the Netherlands. He concluded that there was no cointegration in the stock markets 

between 1983 and 1996.  As a result of the findings, the author points out that there are 

long-term potential benefits in the diversification of the US stocks and the stocks in the 

European stock markets. 

Valle (1998) seeks to analyze the long run relationship between the US stock 

market with the four major Latin American stock markets. The stock indices used were 

those of Argentina, Brazil, Chile, Mexico, and the US respectively. The sample was 

further divided to test the pre- and post-October 1987 crisis. Test of cointegration 

exhibited no stationary long run relationship during the pre-crisis period. This could be 

because the stock markets were not well developed and highly regulated. However, the 

situation was reversed after the occurrence of the October crisis.  

By using Vector Autoregression Model, Janakiramanan and Lamba (1998) 

explore the linkages between stock markets in the Pacific-Basin region with that of the 

US. Evidence that the US market influences all countries under investigation during the 

time frame, with the exception of Indonesia was clearly shown. None of the markets in 

the Pacific Basin region seemed to have any influence over the US market. They found 

that stock markets located in close proximity and those which were economically related 

tend to influence one another to a greater extent. It was supported by the findings that 
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markets closing later in the day were influenced by the markets closing earlier on the 

very same day. 

Ghosh et al. (1999) make use of the Engle-Granger (1987) test of cointegration to 

examine whether Japan or US moves the developing markets in the Asia-Pacific region, 

namely, Hong Kong, India, Korea, Taiwan, Malaysia, Singapore, Thailand, Indonesia and 

Philippines. The findings of this study were mixed; some countries are dominated by the 

US, some by Japan, and some were not dominated by either the US or Japan. Hong Kong, 

India, Korea, and Malaysia stock markets were found to have long run equilibrium 

relationship with the US stock market, while Indonesia, Philippines, and Singapore stock 

markets were linked with the Japanese stock market. Neither the US nor the Japanese 

stock markets seemed to exert any influence on Thailand and Taiwan stock markets. 

 Climent and Meneu (2001) studied the relationships between stock markets in 

Southeast Asia which were most affected by the 1997 financial crisis (Thailand, 

Malaysia, Philippines, Indonesia, Hong Kong, Japan, and South Korea) and the markets 

of Europe, North America, and Latin America by dividing the periods into the pre- and 

post- crisis periods. They analyzed whether cointegration relationship existed in the stock 

markets using the Johansen test. Long-term relationships were not detected in both the 

periods. The result of test was that there was a stronger leadership role by the US after the 

crisis, i.e. greater linkages are recorded.  

 Chan (2002) questioned whether there was a change of direction from the usual 

way.  Using Vector Autoregressive (VAR), he attempted to determine whether declines 

in Asian stock markets of Hong Kong, Singapore and Japan during the Asian financial 

crisis led to declines in the US market. The time span was divided into 3 sub-periods 
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consisting of pre-crisis, during crisis, and post-crisis periods. During the crisis, the Hong 

Kong market returns showed a strong lead effect over the US stock market, but it was 

only temporary. The Singapore market also exhibited a small lead effect but the US 

market came back to take the lead.  

Ng (2002) investigated the linkages between South-East Asian stock markets of 

Indonesia, Malaysia, Philippines, Singapore, and Thailand.  Using correlation analysis, he 

found that the stock markets were becoming more and more integrated as time passed. He 

concluded that there was no proof of cointegration relationship across the stock markets 

during that period. This in turn indicated that there was no long-run relationship among 

ASEAN stock markets. However, it does not guarantee that all the stock markets are 

entirely independent of each other since cointegration tests do not test for gradual 

movement towards a closer relationship. A time varying parameter model used showed 

that the stock markets of Indonesia, Philippines, and Thailand, in particular, became more 

closely linked with that of Singapore. The reason for this could be attributed to the 

liberalization experienced since the early 1990s. As for Malaysia, its stock market was 

closely linked to that of Singapore at the beginning, but was slowly growing out of this 

trend over the period. 

 Jang and Sul (2002) attempted to verify whether there had been any changes in 

the co-movements among the countries affected by the 1997 financial crisis, using 

Granger Causality test and cointegration test. The stock markets selected were from 

Thailand, Korea, Indonesia, Hong Kong, Japan, Singapore, and Taiwan from 1996 to 

2000 (divided into 3 subperiods of before, during, and after crisis periods). The 

correlation coefficients were low before the crisis, but increased substantially during and 
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after the crisis periods. Cointegration was significant in 17 out of the 21 possible cases 

after the 1997 Asian Financial Crisis. As for the causality element, it was found that there 

was no significant causality before the crisis, but many cases of unidirectional and 

bidirectional Granger causality relations. After the crisis period, Japan seemed to Granger 

cause other Asian countries repeatedly. 

Fan (2003) examined the linkage patterns between the US and Asian stock 

markets of Japan, Hong Kong, Singapore, Thailand, and Taiwan for the time period 1991 

to 1999.  He found that there was a long term tendency for the stock markets in the Asia-

Pacific region to converge to a common trend and that unexpected changes in the US 

stock market had a deep impact on the Asian stock markets. The other markets did not 

seem to exert any influence among themselves. 

Using time invariant unconditional correlation coefficients, Bala and Premaratne 

(2003) tried to ascertain the degree and nature of volatility co-movements between 

Singapore’s stock market with those of US, UK, Japan, and Hong Kong between 1992 

and 2002.  The outcome was that all displayed significant correlation coefficients. They 

also showed that the effect of shocks took a longer time to dissolve. Besides that, the 

impact of bad news did tend to have a larger effect on Singapore compared to the other 

countries of the study. Singapore and Hong Kong were shown to have strong linkages. 

Also, Singapore responded to shock from Hong Kong constantly and the effect lasted for 

approximately three days. In contrast, Singapore’s response to the other markets was for 

only a day and became insignificant thereafter. It seemed rather unlikely for the UK 

market to influence the Singapore market. Hong Kong and the US market, however, 

influenced the Singapore market very strongly. Lastly, it was shown that there were small 
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but significant volatility spillovers from Singapore to Hong Kong, Japan, and the US 

markets. This finding is important as it differs from the usual belief that spillover effects 

are significant from the dominant market to the smaller market.  

Linkages and dynamic interactions among Hong Kong, South Korea, Malaysia, 

Singapore, Taiwan, Thailand, Japan, and the US stock markets were being examined by 

Phylaktis and Ravazzola (2004) to determine the implications for international portfolio 

diversification, using multivariate cointegration model in the autoregressive and moving 

average. They found no linkages among the markets in the 80s as well as in the 90s. 

Consequently, market liberalization, which was happening during that time, does not 

strengthen market interrelations. Using recursive analysis, they provided evidence that 

the Asian crisis did not exhibit any significant effect on the degree of linkages. Last but 

not least, using the estimated common trend mechanisms, it was believed that neither 

Japan nor the US exerts influence in the countries under investigation.  

Mahesh (2005) tried to find out whether there was long-run financial integration 

between the developed markets of US, Canada and UK and the emerging markets of 

India, Malaysia, and Singapore using correlation analysis.  Although the correlation 

values were high, the author cautioned that high correlation need not imply higher 

cointegration. He found that only the pairs of Malaysia-Singapore and the US-Canada 

stock markets exhibited long-run relationships. Using the Johansen test in three parts; all 

six markets, only the developed markets, and only the emerging markets; he found that 

for the first part, the markets were more or less moving towards the same direction. One 

cointegrating vector was present in the second and third parts, implying that there is long-

run relationship. 
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Kim (2005) examined the nature of stock market linkages in the advanced Asia-

Pacific stock markets of Australia, Japan, Hong Kong and Singapore with the US stock 

markets and the information leadership of the US and Japan in the region. Using 

Granger-Causality test, he conducted tests on whether the US and Japanese market 

returns and trading volume Granger caused the market returns of the other markets and 

also whether the US and Japan volatilities and trading volume Granger caused the 

volatilities of other markets. He found that the correlation of daily market returns was 

significantly higher in the post period implying that market linkages appeared to be 

enhanced after the crisis period.  The US returns Granger caused returns of each of the 

stock markets in the region in both pre- and post-crisis period. The Japanese returns, on 

the other hand, appeared to have less significant effect on certain stock markets. It must 

be noted that the Japanese returns did Granger cause returns of the US markets in both 

periods. Volatility of US market Granger caused volatilities of all the stock markets under 

investigation for both periods, with the exception for Hong Kong in the post-crisis. As for 

Japan, again, its volatility did not exert a high amount of influence for most of the 

markets.  

 Bose and Mukherjee (2006) studied interlinkages of the Indian stock market with 

major stock markets in Asia, and linkages of Asian stock markets of Hong Kong, India, 

Japan, Malaysia, Korea, Singapore, Taiwan and Thailand with stock markets of the US, 

for the post-Asian crisis period. They then proceeded to examine whether the returns in 

one market influence the returns of another market. They found that the Indian market 

does have linkages with at least some Asian markets, namely Hong Kong, Singapore, and 

Korea markets. The US market returns influenced all markets with the exception of the 
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Japanese market. The Japanese market return had a significant influence over all the 

markets, including the US market returns. The Indian market returns were being led by 

the US, Japan, Hong Kong, Korea, and Singapore. At the same time, the Indian market 

returns also had a substantial impact on the market returns of Japan and Korea. 

Rivas et al. (2006) used Ordinary Least Squares (OLS) to investigate the 

responses of the stock markets of Latin American of Brazil, Chile and Mexico to 

movements in the stock markets in European countries, namely, Spain, Italy, Germany, 

France and the UK. The US stock market was also included in the study since it is 

believed, by large, to be the dominant stock market in the world.   In the first period 

(January 1988 to December 1994), returns of Mexico were significantly influenced by the 

US market, but returns of Brazil and Chile were neither affected by the US nor the 

European stock markets. The findings that the US market not exerting any effect over 

another country seem to be rather peculiar since most studies have agreed that US is the 

most influential stock market. However, things took a turn in the second (January 1995 to 

December 1999) and third period (January 2000 to December 2004), where the US stock 

market was influencing all the stock markets of Latin American countries strongly. The 

reason attributed to this occurrence was that each market usually responded differently to 

shocks due to trade links and different institutional structures. It was shown that Mexico 

was more influenced by the US market because its economy is more similar to that of the 

US. Spain was found to be the only stock market that had influence over the other Latin 

American stock markets in the second and third period. 

Most of the studies were done for periods up to 2002 with only a few carried out 

after that. On top of that, the period of study is usually divided into sub-periods of pre-, 
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during, and post-crisis. Most scholars have questioned the credibility of sub-dividing the 

periods into different segments. In addition, the duration of post-crisis period is usually 

short and hence, may impede the objective of giving the true picture of the situation. As a 

result, we focus on the post-crisis period of 1997 Asian Financial Crisis.  

 

DATA AND METHODOLOGY 

The October 1987 crash had indeed stimulated many studies on the co-movement 

or linkage of stock markets. Studies on stock market linkages are usually conducted for 

stock markets which are more established or developed. The trend is, however, changing 

especially with the occurrence of 1997 Asian Financial Crisis; more and more studies are 

now focusing on the emerging stock markets located in the Asia-Pacific region. 

The four stock markets which are included in this study are those of Malaysia, 

Singapore, the US, and Japan. The indices used are Kuala Lumpur Composite Index 

(KLCI), Straits Times Index (STI), Standard and Poor’s 500 (S&P 500), and Nikkei 225 

for Malaysia, Singapore, the US, and Japan respectively. The KLCI is the main index for 

Bursa Malaysia. It is a capitalisation-weighted index and consists of 100 stocks traded in 

the Bursa Malaysia after thorough and rigorous screening.  The Nikkei 225 is based on 

price-weighted average and it reflects the overall market of Japan. The Straits Times 

Index is a market value-weighted stock market index and it covers most sectors in 

Singapore. The selection of the stocks in this market is based on the liquidity criterion 

measured by a stock’s average daily traded value.  S&P 500 is one of the most widely 

known US stock market indices. It is a market value-weighted index and it comprises of 
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500 stocks which are traded on the New York Stock Exchange, American Stock 

Exchange, and NASDAQ National Market System.  

The period of investigation spans from January 2000 to December 2006. As 

mentioned earlier, most tests divide the period into sub-periods of pre- and post-crisis. 

Nonetheless, the time period are quite short and may be insufficient to produce unbiased 

results. Therefore, we choose to focus on one period, which is the post-crisis period, 

incorporating a longer time period. These data is obtained from Yahoo! Finance. 

The observations consist of daily returns of each stock market. Daily returns are 

used instead of weekly or monthly returns because daily returns are more capable of 

capturing all possible interactions. The series are transformed into natural logs in order to 

eliminate any extreme values which may cause the results to be biased. Daily return is 

calculated as:  

Daily Rate of Return = ln(Pt / Pt-1)*100 

where Pt is the closing price today 

          Pt-1 is the closing price yesterday 

 

The purpose of this analysis is to find out the degree of market co-movements 

without needing to take into consideration the factors of the co-movements. Correlation 

analysis which revolves around the measure of strength or degree of linear association 

between two variables is carried out. Time series tests such as the cointegration test and 

Granger-causality test are also carried out. The cointegration test seeks to examine 

whether there is a long-run relationship between the stock markets, whereas the Granger-

2461



causality test investigates whether one stock market exerts significant influence on 

another stock market.  

In order to carry out cointegration test, it is necessary to ascertain whether each 

index is integrated of order one, I(1). There are 3 widely used tests available, namely, the 

Augmented Dickey-Fuller (ADF) test, the Phillips Perron (PP) (1989) test, and the 

Kwiatkowski-Phillips-Schmidt-Shin (KPSS) (1992) test. Maddala (2001) points out that 

the ADF and PP tests are not strong measures and thus should be disregarded. These tests 

will accept null hypothesis of the existence of a unit root if there is strong evidence that is 

based on the frequency. To circumvent this problem, the KPSS is developed.  

All the three tests, ADF, PP and KPSS are used in this study in order to ascertain 

more robust results. For ADF and PP, the null hypothesis is that there is a unit root in the 

series. In other words, series are nonstationary. As for KPSS, the null hypothesis is the 

other way round, that is, the series are stationary.  The ADF and PP tests indicate that the 

series has a unit root at the log level and using the KPSS test, again the series is shown to 

be stationary.  Following that, the first difference is then examined. The hypotheses and 

results for each of the ADF, PP and KPSS tests are the same as that of the log level. 

There are several methods to conduct the cointegration test.  We employ the JJ 

test to test for the presence of multiple cointegrating relationships because of a number of 

reasons. First of all, the JJ procedure does not, a priori, assume the existence of at most a 

single cointegrating vector. It actually explicitly tests for the number of cointegrating 

vectors. On top of that, the Engle-Granger is sensitive to the choice of the dependent 

variable in the cointegrating regression whereas the JJ procedure assumes that all the 
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variables are endogenous. In addition, the JJ procedure gives the appropriate statistics to 

test hypothesis for the number of cointegrating vectors. 

Granger-Causality is used to identify the causal linkages between the stock 

markets in this study. We would like to find out which markets exert influence over 

another market. If X Granger-caused Y, it is said that X helps in predicting Y. The 

selection of lag length should be based on the belief about the longest time over in which 

one variable could help predict another variable. In this study, the lag length, k chosen is 

10.The bivariate regressions of the form are given as follows: 

  Yt = α0 + α1Yt-1 + ….. + αkYt-k +  β1Xt-1 + …. + βkXt-k 

  Xt = α0 + α1Xt-1 + ….. + αkXt-k +  β1Yt-1 + …. + βkYt-k 

Let Yt and Xt represent the stock returns of two different countries, while α and β are 

constants. The null hypothesis is that X does not Granger-cause Y in the first regression 

and Y does not Granger-cause X in the second regression.  

 

DATA ANALYSIS 

The summary statistics of the market returns for each of the markets in Malaysia, 

Singapore, Japan and the US is depicted in Table 1.  

Table 1: Summary statistics of average daily returns for each market 

  JP MS SG US 

 Mean -0.006169 0.015931 0.003225 -0.003178 

 Median -0.011976 0.029305 0.036844 0.032742 

 Maximum 7.221743 4.502734 4.905236 5.574432 

 Minimum -7.233984 -6.342201 -9.094981 -6.004513 
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 Std. Dev. 1.4092 0.905737 1.126255 1.14064 

 Skewness -0.129775 -0.543663 -0.594432 0.106965 

 Kurtosis 4.622845 9.494169 8.417124 5.536626 

 Jarque-Bera 193.234 3101.797 2200.524 463.607 

 Probability 0 0 0 0 

 Sum -10.59269 27.35399 5.5366 -5.45675 

 Sum Sq. Dev. 3407.707 1407.736 2176.662 2232.617 

 Observations 1717 1717 1717 1717 

 

Based on the average daily returns, the KLCI gives the highest compared to the 

other markets with an average of 0.015931 followed by STI, recording an average of 

0.003225. The remaining stock markets do not fare well compared to the two countries in 

Southeast Asia since the S&P500 and Nikkei 225 display a negative value of average 

daily returns; -0.003178 and -0.006169 respectively. These findings are supported by the 

studies undertaken by Bose and Mukherjee (2006) since they also reported negative 

average returns for the two markets. The volatility of the KLCI, as measured by the 

standard deviation of returns, is the lowest. It is followed by STI and the S&P500 while 

Nikkei has the highest. Skewness is a measure of asymmetry of the distribution of each 

series around its own mean. All stock markets, with the exception of the US, exhibit 

negative skewness, indicating a long left tail. Kurtosis is a measure of peakness or 

flatness of the distribution of the series. If the kurtosis is equivalent to 3, it is said that the 

distribution is normally distributed. All the kurtosis values of the stock markets 
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investigated in this study display a value more than 3, showing a leptokurtic curve, which 

demonstrates that distribution of stock returns in these countries contain extreme values.  

Next, correlation analysis is carried out as well. Correlation analysis revolves 

around the measure of strength or degree of linear association between two variables. The 

purpose of this analysis is to find out the degree of market co-movements without 

needing to take into consideration the factors of the co-movements. The correlations of 

market returns for each market is shown in Table 2.  

Table 2: Cross correlation matrix for stock returns across countries 

 

  JP MS SG US 

JP 1 0.010159 -0.008929 0.026953 

MS 0.010159 1 0.063074 0.008318 

SG -0.008929 0.063074 1 0.075677 

US 0.026953 0.008318 0.075677 1 

All correlations show positive values except for the correlation between Nikkei 

and STI (-0.008929). The correlations of returns are small in values; most of the values 

are below 0.10. The highest correlation is recorded between STI and the S&P5000, 

followed by that between KLCI and STI stock markets. The lowest positive correlation is 

between KLCI and the S&P500. All in all, the correlations among the four countries 

under examination are considered as weak.  

Granger-Causality is then carried out to identify the causal linkages between the 

stock markets and to have a clearer picture of which markets exert influence over another 

market. The results for the Granger-Causality test are depicted in Table 3. The Nikkei 
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225 is found to be exerting significant influence over the other stock markets under study 

since the 1997 Asian Financial Crisis. This finding is supported by Jang and Sul (2002) 

and Bose and Mukherjee (2006). The KLCI also seems to have significant influence over 

the other stock markets as well. The STI exerts significant influence over the S&P500 

and Nikkei but not over the KLCI. This result is in contrast with previous studies which 

showed STI having significant influence over the KLCI.  But it seems to follow and 

confirm the results of Ng (2002), who found the Malaysian market slowly going out of its 

close linkage with Singapore.  As for the US stock market, it does have a significant 

influence over the STI and Nikkei, but not over the KLCI. Again, the results are 

contradicting previous studies but this could be due to time lags.  All in all, there is one-

way cause-effect relationship between the KLCI with the STI and the KLCI with the 

S&P500.  Otherwise, there is a two-way cause and effect relationship between the rest of 

the markets. 

Table 3: Granger-Causality between pairs of stock returns 

Causes  Japan Malaysia Singapore US 

Caused by 

 

     

Japan - 1.71138** 2.85273* 2.3943* 

Malaysia   3.4856* - 3.49935* 2.58628* 

Singapore   2.67388* 1.21347 - 2.80404* 

US   1.71417** 0.44597 12.6525* - 

    * Rejection of Granger non-causality at 5% significant level 

     ** Rejection of Granger non-causality at 10% significant level 
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As can be seen from Table 4, test statistics of ADF and PP tests are statistically 

significant at 1% and 5% for both trend and without trend series. Consequently, the null 

hypothesis is rejected. As for the KPSS test, the test statistics are not statistically 

significant at 1% and 5%. Therefore, the null hypothesis of series is stationary is not 

rejected. The results of these tests in the log level and log difference reveal that each of 

the series of stock markets returns contains one unit root and is of integrated order one, 

I(1).  Hence, cointegration test may be carried out. 

Table 4: Unit root tests 

Log Level 

Market 

Index 
ADF test statistics PP test statistics KPSS test statistics 

 With trend Without trend With trend Without trend With trend Without trend

Japan -1.559454 -1.675757 -1.549064 -1.664818 1.160234* 1.159537* 

Malaysia -2.347082 -0.398288 -1.767315 -0.488198 0.721631* 2.665978* 

Singapore -1.907429 - 0.081824 -2.310925 -0.173912 1.156302* 2.486518* 

US -1.291089 -1.428277 -1.372516 -1.562041 1.14871* 1.157756* 

Log Difference 

Market 

Index 
ADF test statistics PP test statistics KPSS test statistics 

 With trend Without trend With trend Without trend With trend Without trend

Japan -1.559454 -1.675757 -1.549064 -1.664818 1.160234* 1.159537* 

Malaysia -2.347082 -0.398288 -1.767315 -0.488198 0.721631* 2.665978* 

Singapore -1.907429 - 0.081824 -2.310925 -0.173912 1.156302* 2.486518* 
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US -1.291089 -1.428277 -1.372516 -1.562041 1.14871* 1.157756* 

*indicates statistical significance at 1% and 5% significant level 

The results of cointegration test are given in Table 5. Both trace and maximum 

eigenvalue produce evidence that there is at most a single cointegrating vector among the 

four stock markets under study at 5% significant level. These findings suggest that there 

is a long-term tendency for the stock markets to converge to a common trend. Choudhry 

and Lin (2004) found that there is significant long-run relationship(s) between the Far 

East stock markets after the 1997 Asian Financial Crisis. The findings are also consistent 

with the study conducted by Jang and Sul (2002) who found significant cointegration 

during the post-period 1997 Asian Financial Crisis. 

Table 5: JJ tests 

H0 H1 
Trace 

statistic 

Critical value 

5% 

Max eigenvalue 

statistic 

Critical value 

5% 

r = 0 r > 0 44.04961* 39.89 25.14568* 23.8 

r <=1 r > 1 18.90394 24.31 14.50486 17.89 

r <=2 r > 2 4.399074 12.53 4.214582 11.44 

r <=3 r > 3 0.184492 3.84 0.184492 3.84 

*Trace test indicates 1 cointegrating equation(s) at the 5% level.  Critical value is based 

on Osterwald-Lenum 

CONCLUSION 

 This paper investigates the stock market linkages or co-movements of four 

countries’ stock markets after the 1997 Asian Financial Crisis. Three main tests 
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employed to perform the mentioned objective are correlation analysis, cointegration, and 

Granger causality tests.  

 The correlation coefficients are considerably small, which signify that stock 

market linkages may not possibly exist. Since correlation is just a measure of the strength 

of linear association between two variables, it is not possible to come to a conclusion that 

stock market linkages does not exist among the four stock markets under this study. As a 

result, we proceed to conduct the cointegration test which is proposed by Johansen and 

Juselius (JJ). This test can only be carried out if the series are integrated in order one, 

I(1), and it is shown by carrying out the ADF, PP, and KPSS unit root testing. After 

proving that the series are I(1), the JJ test is performed. Since there is at most a single 

cointegrating vector, there is a long-run relationship. The next and final test to be 

executed was the Granger causality test. Most of the stock markets are found to be 

exerting a significant influence over each other.  

 All in all, the statement that the stock markets seem to have linkages or co-

movement can be accepted. One of the reasons attributed to it could be that stock markets 

have undergone substantial liberalization. Singapore and Malaysia have liberal foreign 

investment policies which allow capital to flow in and out of the countries without much 

restriction.   
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1. Introduction 

 

 

Since the 1990’s, a substantial growth of hedge funds has been observed. According to 

HedgeFund Intelligence, assets under management accounted for $2, 65 trillion in 2007. 

Since 2000, investors have been looking for new investments. A wide range of them have 

sought exposure to hedge funds. Indeed they suffered from the losses caused by the 2000 

“dot-com bubble” and the collapse of interest rates. 

This craze for alternative investment, the breakdown in 1998 of Long Term Capital 

Management and the recent involvement of hedge funds in the subprime crisis emphasize the 

importance of risk management.  

 

The literature about hedge fund returns analysis has become expansive and concludes that the 

mean-variance approach is not adequate to investigate hedge funds risk. 

Fung and Hsieh (1997), Brook and Kat (2001) or Amenc, Curtis and Martellini (2003) 

demonstrated that the monthly returns distribution of hedge fund strategies present negative 

skewness and excess kurtosis. Thus, according to Kat (2003), volatility underestimates hedge 

fund risks since volatility does not give any information about asymmetric distribution of 

returns and extreme losses. But, as noticed by Scott and Horvath (1980), investors are 

interested in higher moments of the distribution function.  

 

Because of their private nature, hedge funds fall outside the direct jurisdiction of regulators. 

There are exposed to several forms of financial risks such as liquidity risk, operational risk, 

credit risk and market risk. This study is focused on this latter.  

 

The Gaussian VaR is based on the assumption of normal law. But because skewness and 

kurtosis are substantial in hedge fund returns distribution, market risk is underestimated. 

Subsequently, a more accurate measure has to be considered. The purpose of this paper is to 

implement GARCH models in order to estimate hedge fund returns Value at Risk using high-

frequency hedge fund data. This paper shows that Normal VaR is not an adapted measure of 

hedge fund risks and the GARCH-type VaR is a more reliable measure of hedge fund risks. 

 

This article is organised as follows: Firstly, I present hedge fund strategies according to 

Hedge Fund Research data provider. Secondly, one introduces the Value at Risk concept and 

the conventional variance models considered. While the normal distribution is widespread, it 

however cannot describe fat-tails returns. Hence, the student-t distribution of returns is also 
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applied dealing with leptokurtosis. GARCH, EGARCH and TGARCH process take into 

account the observed volatility clustering of returns. Thirdly, the GARCH models are applied 

to forecast a 1 day-ahead Value at Risk for various thresholds (5%, 2.5% and 1%). The 

forecasts are compared with the VaR based on the standard deviation. Finally, one backtests 

the different VaR approaches to test the relevance of the VaR models considered. 

 

2. Hedge fund Strategies Description 

 

Neither a legal definition of hedge fund strategies nor an official classification does exist. 

According to Lhabitant (2006), there are 24 hedge fund indexes providers and these 24 data 

providers have their own strategies definition and classification. For instance, CSFB database 

computes 10 indexes whereas VAN Hedge Fund Advisors database calculates 15 indexes. 

To perform the empirical analysis, one uses the HFRX hedge fund indexes. The description of 

hedge fund strategies is directly taken from HFR documentation. 

 

Global Index 

The HFRX Global Hedge Fund Index is designed to be representative of the overall 

composition of the hedge fund universe. It is comprised of eight strategies; convertible 

arbitrage, distressed securities, equity hedge, equity market neutral, event driven, macro, 

merger arbitrage, and relative value arbitrage. The strategies are asset weighted based on the 

distribution of assets in the hedge fund industry.  

 

Convertible arbitrage  

Convertible Arbitrage involves taking long positions in convertible securities and hedging 

those positions by selling short the underlying common stock. A manager will, in an effort to 

capitalize on relative pricing inefficiencies, purchase long positions in convertible securities, 

generally convertible bonds, convertible preferred stock or warrants, and hedge a portion of 

the equity risk by selling short the underlying common stock.  

 

Distressed Securities 

Distressed Securities managers invest in, and may sell short, the securities of companies 

where the security's price has been, or is expected to be, affected by a distressed situation. 

Managers will seek profit opportunities arising from inefficiencies in the market for such 

securities and other obligations.  
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Equity Hedge 

Equity Hedge, also known as long/short equity, combines core long holdings of equities with 

short sales of stock or stock index options. Equity hedge portfolios may be anywhere from net 

long to net short depending on market conditions. Equity hedge managers generally increase 

net long exposure in bull markets and decrease net long exposure or even are net short in a 

bear market 

 

Equity Market Neutral 

Equity Market Neutral strategies strive to generate consistent returns in both up and down 

markets by selecting positions with a total net exposure of zero. Trading managers will hold a 

large number of long equity positions and an equal, or close to equal, dollar amount of 

offsetting short positions for a total net exposure close to zero. By taking long and short 

positions in equal amounts, the equity market neutral manager seeks to neutralize the effect 

that a systematic change will have on values of the stock market as a whole.  

 

Event driven 

Event Driven investment strategies or "corporate life cycle investing" involves investments in 

opportunities created by significant transactional events, such as spin-offs, mergers and 

acquisitions, industry consolidations, liquidations, reorganizations, bankruptcies, 

recapitalizations and share buybacks and other extraordinary corporate transactions. Event 

driven trading involves attempting to predict the outcome of a particular transaction as well as 

the optimal time at which to commit capital to it.  

 

Macro 

Macro strategies attempt to identify extreme price valuations in stock markets, interest rates, 

foreign exchange rates and physical commodities, and make leveraged bets on the anticipated 

price movements in these markets. Profits are made by correctly anticipating price 

movements in global markets and having the flexibility to use any suitable investment 

approach to take advantage of extreme price valuations 

 

Merger Arbitrage 

Merger Arbitrage, also known as risk arbitrage, involves investing in securities of companies 

that are the subject of some form of extraordinary corporate transaction, including acquisition 

or merger proposals, exchange offers, cash tender offers and leveraged buy-outs. Typically, a 

manager purchases the stock of a company being acquired or merging with another company, 
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and sells short the stock of the acquiring company. A manager engaged in merger arbitrage 

transactions will derive profit (or loss) by realizing the price differential between the price of 

the securities purchased and the value ultimately realized when the deal is consummated.  

 

Relative Value Arbitrage 

Relative Value Arbitrage is a multiple investment strategy approach. The overall emphasis is 

on making "spread trades" which derive returns from the relationship between two related 

securities rather than from the direction of the market. Generally, trading managers will take 

offsetting long and short positions in similar or related securities when their values, which are 

mathematically or historically interrelated, are temporarily distorted. Profits are derived when 

the skewed relationship between the securities returns to normal.  

 

3. Methodology 

 

3.1. Value at Risk Principle 

 

The Value at Risk describes the estimated maximum potential loss of an asset not exceeded 

with a given probability defined as the confidence level, over a given period of time. The 

popularity of this risk measure is mainly due to the expression of the (market) risk in only 

figure. 

VaR is defined by the following relationship: 

 

                                                              

3.2. The Gaussian VaR 

 

The parametric Gaussian VaR is computed as follows: 
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The parametric Gaussian VaR assumes that returns are normally distributed and do not give 

any information about asymmetric and extreme losses risks. 

 

3.3. The Modified VaR 

 

Favre and Galeano (2002) introduced the modified VaR that is based on the Cornish fisher 

expansion quantile. It is an expansion around the normal distribution in order to take into 

account the asymmetry and the fat tails of the distribution. The VaR is computed as follows: 

 

 

 

3.4. The Parametric Student VaR 

 

The Student’s t distribution deals with the phenomenon of excess kurtosis by modelling tail 

thickness by a parameter called “degree of freedom”. 

The parametric Student VaR is computed as follows: 
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3.5. The GARCH-type VaR 

 

After the estimate of GARCH, EGARCH and TGARCH parameters, the VaR is computed as 

follows: 

 

 

The normal, the student and the Cornish Fisher quantiles are considered to compute the 

GARCH-type VaR.  

 

According to Wilmott (1998), the assumption of zero mean is valid over short-term horizons. 

This assumption is based on the conjecture that the magnitude of mean is substantially 

smaller than the magnitude of the standard deviation and therefore can be ignored. 

 

3.6.  Conditional Volatility Forecasting: GARCH Models 

 

To obtain the VaR forecasts by implementing the parametric methods, it is first necessary to 

forecast the volatility. 

 According to Engel and Patton (2001), a good volatility model is able to capture the mean 

reverting and the volatility persistence. That means that after periods of high volatility or low 

volatility, the risk gradually returns to its normal level. This property is referred as mean 
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reversion. On the other hand, Mandelbrot noted that “large changes tend to be followed by 

large changes, of either sign, and small changes tend to be followed by small changes”, 

resulting in persistence of the amplitude of price changes. This phenomenon is referred to as 

volatility clustering or time-varying volatility. GARCH models are designed to deal with this 

feature.  

 

In forecasting a GARCH model of a time series of returns Rt, three distinct specifications have 

to be provided;!one for the conditional mean equation, one for the conditional variance, and 

one for the conditional error distribution,!conditional on , the information set available at 

time t-1"!

!

GARCH models assume that the conditional mean equation is modelled as follows: 

 

 

However, when returns exhibit serial dependence structure, the mean equation is modelled as 

an AR, MA or ARMA process. 

 

 

 

 

 

The development of volatility models began with the ARCH (q) model introduced by Engle 

(1982). The conditional variance !t
2

 is a linear function of the lagged squared innovation "t. 
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Empirical evidence has shown that a high q is needed to estimate properly the conditional 

variance. Thus, Bollerslev (1986) introduced the generalised ARCH (p,q) model (GARCH) to 

circumvent this problem: 

  

 

The GARCH model is stationary when . If this sum is close to one, the 

volatility is highly persistent and the process is mean reverting.  
 
 
Important limitations of ARCH and GARCH models are the non-negativity constraints of the 

!i and "j which ensure positive conditional variances. Moreover, GARCH models assume that 

the impact of news on the conditional volatility depends only on the magnitude, but not on the 

sign of the innovation. To overcome these drawbacks, asymmetric ARCH models have been 

developed to capture the asymmetry captured by the data. 

Nelson (1991) introduced the exponential GARCH model (EGARCH) in which the logarithm 

of conditional variance is specified as: 

 

The specification of the model in logarithms implies that the conditional variance is always 

positive. The parameter captures the leverage effect according to the magnitude of the 

innovation. If  (respectively ), the extent of bad news (respectively good news) 

on volatility is higher (respectively lower).The parameter captures the leverage effect 

according to the sign of the innovation. If  (respectively ), good news 

(respectively bad news) decrease (respectively increase) the volatility of the returns.  

 

Zakoian (1990) developed the threshold GARCH model (TGARCH) in which the conditional 

variance is specified as follows: 

2482



 - 10 - 

 

Good news ( ) and bad news ( ) have different effects on the conditional 

variance . The impact of good news is  while the impact of bad news is ( ). 

If , bad news have larger impact on the volatility of the returns; a leverage effect exists. 

These models are able to capture the main characteristics of financial time series such as fat 

tails, volatility clustering and the leverage effect. 

 

To complete an ARCH specification, an assumption about the conditional distribution of the 

error term  is required. The normal (Gaussian) distribution is widespread; however it cannot 

describe fat-tails returns. Hence the Student’s t distribution is also applied, modelling tail 

thickness by a parameter called “degree of freedom”. 

The normal distribution has the following density function: 

 

 

The student distribution has the following density function: 

 

  

When ,  is standard normally distributed. For , the distribution of  has thicker 

tails than the normal distribution while for , the distribution of  has thinner tails than 

the normal distribution. When , the density function of the standardized t-distribution 

converges to the density function of the standard normal distribution. 
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Given a distributional assumption, ARCH models are estimated by the method of maximum 

likelihood. 

For normally distributed standardized innovations, the contribution to the log-likelihood for T 

observations is: 

 
For normally standardized t-distributed innovations, the contribution to the log-likelihood for 

T observations is: 

 

4. Empirical Analysis of Hedge Fund Return Indexes Volatility 

 

4.1. Data 

 

Hedge fund providers licence their indexes to partners who can then create investable 

products. These products track the index by investing in a weighted portfolio of its 

constituents. To this end, only a limited numbers of liquid hedge funds are selected which 

leads to a sub-representativity bias. 

Investable indexes providers have very strict hedge fund selection criterion in order to end up 

with a product easy to manage. However, very few hedge funds fulfil them. Consequently, the 

whole universe of hedge funds is not represented. Investable indexes are less representative 

than non investable indexes. 

 

To perform the empirical analysis, one uses the HFRX (investable Hedge Fund Research 

indices) daily performance subindexes split by an investment style and an aggregate index 

which encompasses all hedge fund strategies and spans the period March 31st 2003 - March 

3rd 2008 (1241 observations). 
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The HFRX indexes are based on the Hedge Fund Research (HFR) database. The indexes 

measure the net of fee returns denominated in US dollar. Funds included must be currently 

open to new transparent investment, have at least $50 Million under management and meet 24 

month track record. The HFRX indexes consist of eight single strategies presented above; 

convertible arbitrage, distressed securities, equity hedge, equity market neutral, event driven, 

macro, merger arbitrage and relative value arbitrage. The HFRX global hedge fund index 

encompasses over 55 funds. 

 

4.2. Summary Statistics 

 

Returns of hedge fund indexes at time t are computed as follows: 
 

 

 
Globally it can be noticed that hedge fund index returns are quite favourably compared to 

stocks and bonds (appendix A). HFRX global index has an average mean return of 5.73 %. 

Amongst investment styles, event driven exhibits the highest average mean return with 7.78 

% followed by macro (7.58 %). Convertible arbitrage and equity market neutral strategies 

exhibit the lowest returns. 

 

Appendix A shows that standard deviations of stock market indexes and JP Morgan EMU 

Bond Index are much higher than those of hedge funds. Russell 2000 has an average standard 

deviation of 18.50%, followed by NASDAQ (16.59%) and Dow Jones EURO STOXX 50 

(16.21%), while HFRX global index exhibits a weak average standard deviation of 3.74%. 

The most attractive strategies in term of volatility are distressed securities (2.36%), merger 

arbitrage (3.55%) and convertible arbitrage (3.61%). 

 

None of the hedge fund returns distributions seem to be symmetric. As a matter of fact, their 

skewness coefficients are different from zero and negative. The same conclusion is reached 

when we look at the stock and bond market indexes. 

Globally, hedge funds, stocks and bonds show evidence of fat tails, since the kurtosis exceeds 

3, which is the normal value. It means that extreme returns (either losses or gains) are more 

likely than they are with the normal distribution. The returns distribution is leptokurtic.  

2485



 - 13 - 

The combination of negative skewness and excess kurtosis denote a high probability of 

negative returns.  

Equity market neutral strategy exhibits the highest kurtosis coefficient with 38.03 followed by 

relative value arbitrage with 14.62 and merger arbitrage with 13.96. 

 

According to these results, hedge fund returns distribution seem to be far from normally 

distributed. In appendixes B and C, a glance to the histogram and quantile-quantile plots of 

hedge fund returns provides an intuition about the deviations from normality. To support this 

conclusion, I consider the Jarcque-Bera test of normality. 

According to it, the null hypothesis of normally distributed returns is not accepted for none of 

the indexes. Indeed, the results show that the Jarcque-Bera statistic is higher than theoretical 

value read in Chi-Square table with two degrees of freedom at the significant value of 5% 

(5.99) for all hedge fund return indexes and stock and bond market indexes. 

 

Volatility clustering is exhibited in appendix D. Periods of high and low volatility are grouped 

together. On the other hand, table 1 below shows the existence of ARCH effects for all hedge 

fund strategies excepted distressed securities. 

 

Table 1: ARCH Test of Hedge Fund Return Indexes 

   

Convertible Arbitrage 28.25** 0.00 

Distressed Securities 5.36 0.25 

Event Driven 122.75** 0.00 

Equity Hedge 202.79** 0.00 

Equity Market Neutral 429.76** 0.00 

Macro 191.88** 0.00 

Merger Arbitrage 269.26** 0.00 

Relative Value Arbitrage 282.26** 0.00 

Global 240.90** 0.00 

 

These stylized facts are typical features of financial time series and demonstrate that the 

volatility varies through time. This suggests the use of non-linear time series structures to 

model the volatility of hedge fund returns.  

 
4.3. Volatility Forecasting Using GARCH Models 

 
As hedge fund strategies exhibit serial correlation induced by discontinuous trading (appendix 

E), we represent the GARCH-type model with an ARMA-like component in order to 

desmooth hedge fund returns. A lag structure of p=1 and q=1 is chosen (for equity market 

neutral, merger arbitrage and relative value arbitrage, the appropriate lag structure is p=2 and 
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q=2). The autocorrelation and partial autocorrelation functions are used to identify the form of 

the mean equation.  

Then, one models the hedge fund strategies conditional variance as a GARCH, TGARCH and 

EGARCH process. The conditional variances were estimated under the assumption that 

residuals "t follow the normal and the student law. A lag structure of p=1 and q=1 is also 

considered. 

 

Appendixes G and H present the hedge fund strategies parameters estimates. Whatever the 

distribution followed by residuals , the conditional variance parameters are significant in all 

cases. The Ljung-Box and the ARCH-LM tests confirm that models considered take the 

heteroscedasticity into account for almost all hedge fund strategies. 

 

GARCH(1;1) process exhibit which means that hedge fund strategies show a 

mean-reverting behaviour. 

TGARCH(1;1) model  shows a value of  (excepted for macro strategy), which indicates 

that bad news have larger impact on the volatility of the returns. 

We observe that EGARCH(1;1) process display a value of  and . Bad news 

increase hedge fund strategies volatility at time  and the extent of bad news on the 

volatility is important. 

According to these findings, all hedge fund strategies present asymmetric effects. This feature 

is in line with the negative skewness that characterise hedge fund returns. 

 

4.4. Value at Risk Forecasts Results 

 

 
Appendixes I reports results of 1 day-ahead VaR forecasts computed for 5%, 2.5% and 1 % 

thresholds using normal, student and Cornish Fisher quantiles.  

 

Among investment styles, equity hedge, macro arbitrage and relative value exhibit the highest 

VaR for almost all methods. 

Results show that VaR based on the normal quantile underestimate market risk. Those based 

on student and Cornish Fisher quantiles seem to be more relevant methods as their values are 

higher.  

Among VaR methods, whatever the quantile may be, TGARCH and EGARCH-type VaR 

exhibit the highest values. 
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If one has a glance to the appendixes L, M and N, we can see that the GARCH-type VaR do 

react immediately to small or large price changes.  

 

5. Backtesting VaR Models 

 
To support the conclusions found above, it is necessary to test these VaR models. The quality 

of the VaR forecasts depends on the quality of the VaR method. One has to judge whether our 

VaR forecasts are consistent with subsequently realized returns given the confidence level. 

When the number of realized observations falling outside VaR predictions is in line with the 

confidence level, the VaR model is adequate.  

 

The tests start from a hit sequence function. It describes whether or not a loss in excess of the 

reported VaR has been realized. The function is defined as follows: 

 

 

A VaR model will be accurate if and only if the hit sequence function satisfies both the 

unconditional coverage property and the independence property (Christoffersen (1998)). 

 

5.1 Test of Unconditional Coverage  

 

This test examines how many times an estimated VaR is violated in a given time period. 

When the number of violations differs from , the estimated VaR method either 

understates or overstates the risk. It states that the probability of realizing a loss in excess of 

the reported VaR, must be precisely : 

 

 

Kupiec’s Proportion of Failures Test (1995) 

 

The Kupiec’s POF statistic is computed as follows: 
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Under the null of the unconditional coverage test, the POF statistic is distributed as a with 

one degree of freedom. 

 

The LR test of unconditional coverage (1998) 

 

Christoffersen developed an equivalent test; the likelihood ratio test of unconditional 

coverage. The test is: 

 

 

The likelihood ratio has an asymptotic distribution. 

 

5.2 Test of Independence 

 

VaR violations at various periods must be independent over time. Christoffersen (1998) 

introduced the likelihood ratio of independence which examines the serial independence of 

the hit sequence function given the confidence level. It is expressed as follows: 
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The  test of independence is asymptotically distributed as a . 

 

5.3 Test of Conditional Coverage 

 

Christoffersen (1998) combined the unconditional coverage test and the independence test to 

form a test of conditional coverage. It is written as follows: 

 

 

The distribution of the conditional coverage test is asymptotically with two degrees of 

freedom. 

 

5.4 Backtesting Results 

 

The number of observations for each hedge fund index is 1241. One uses the last 250 

observations for out-of-sample forecasting. For each model, the first 991 daily returns are 

used to form a VaR forecast for day 992. Then, data from day 2 to day 992 are used to form a 

VaR forecast for day 993 and so on. 250 out-of-sample forecasts are generated recursively by 

moving the estimation-window forward through time. 

 

A glance to appendix J shows that the ex-post violations rate is larger than the initial coverage 

rate. For most of the models, losses in excess of the reported VaR occurred more frequently, 

no matter the threshold. This suggests that VaR understates the actual level of risk.  

Under the Cornish Fisher GARCH-type (2.5% and 1%), losses in excess occurred less 

frequently for several hedge fund strategies. This means that VaR is too conservative. 
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Appendix K reports the test results when VaR methods are computed using the normal, 

student and Cornish Fisher quantiles.  

 

The first tables exhibit results when VaRs are computed using the normal quantile. No matter 

the threshold (5%, 2.5% and 1%), the worst VaR model is performed by the one based on the 

standard deviation. It fails the unconditional and conditional coverage tests for all the hedge 

fund strategies (except distressed securities). However, it passes the independence test for 

most of the strategies (except equity market neutral, merger arbitrage and relative value 

arbitrage for the 5% threshold; equity market neutral, relative value arbitrage and global index 

for the 2.5%; equity market neutral, macro and global index for the 1% threshold). 

On the opposite side, all GARCH-type VaR models pass successfully all the tests for most of 

the hedge fund strategies. For 5% VaR threshold, GARCH, TGARCH and EGARCH-type 

VaRs pass all the tests except for equity hedge (they fail the unconditional and coverage tests) 

and global index strategies (they fail the unconditional coverage and TGARCH-type VaR fail 

also the conditional coverage test). The same conclusion is similar for 2.5% threshold. 

GARCH-type VaR does not pass the unconditional coverage test for equity hedge, equity 

market neutral and global index. TGARCH-type VaR fails this test and the conditional 

coverage one for equity market neutral and global index. EGARCH-type VaR does not 

succeed these two tests for equity hedge and global index and fails the unconditional coverage 

test for equity market neutral. 

For 1% threshold, GARCH and TGARCH-type VaR do not pass the unconditional and 

conditional coverage for equity market neutral and merger arbitrage. EGARCH-type VaR 

fails these tests for equity hedge, equity market neutral and global index. It is not successful 

for the unconditional coverage of merger arbitrage. 

 

 When VaRs are computed using the student quantile, the best performers models are still 

GARCH-type VaR.  No matter the threshold, the VaR model based on standard deviation fails 

almost all tests (except for distressed securities and independence test for several hedge fund 

strategies).  

For 5% threshold, GARCH and EGARCH-type VaR do not pass the unconditional and 

conditional coverage for equity hedge. TGARCH-type VaR fail the conditional coverage for 

equity hedge and GARCH-type VaR not pass the unconditional coverage for global index. 

For 2.5% threshold, only three failures are observed. EGARCH-type VaR fails the 

unconditional coverage test for equity hedge, equity market neutral and global index. 
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For 1% threshold, VaRs models pass all the tests except the GARCH and TGARCH type VaR 

(it fails the unconditional coverage for equity market neutral). 

 

When VaRs are computed using the Cornish Fisher quantile, the worst performer model is 

again the one based on the standard deviation. However, for the 2.5% confidence level and 

especially the 5% threshold, this VaR method passes all the tests for most of the hedge fund 

strategies.  

The GARCH, TGARCH and EGARCH -type VaR pass all tests except the unconditional and 

conditional coverage test for equity market neutral (5%). TGARCH and EGARCH fail these 

tests also for equity hedge strategy (5%). 

 

6 Conclusion 

 
This research paper aimed to investigate hedge funds market risk. One demonstrates that daily 

hedge fund return distributions are asymmetric and leptokurtic. Furthermore, volatility 

clustering phenomenon and the existence of ARCH effects demonstrate that hedge funds 

volatility varies through time. These features suggest the modelisation of their volatility   

using GARCH, EGARCH and TGARCH models.  

 

The conditional variances were estimated under the assumption that residuals "t follow the 

normal and the student law. The conditional variance of hedge fund strategies exhibits 

asymmetric effects and mean reversion among investment styles.  

 

The knowledge of the conditional variance was used to forecast 1-day-ahead ahead VaR. The 

estimations are compared with the Gaussian, the student and the modified VaR. The results 

demonstrate that VaR models based on normal quantile underestimate risk while those based 

on Student and Cornish Fisher quantiles seem to be more relevant measurements. GARCH-

type VaR are very sensitive to changes in the return process. 

 

 

Backtesting results show that the choice of the model used to forecast volatility is important. 

Indeed, no matter the threshold the VaR based on standard deviation is not relevant to 

measure hedge funds risks as it fails the appropriate tests.  On the opposite side, GARCH, 

TGARCH and EGARCH-type VaR are accurate as they pass successfully the backtesting 

tests. The quantile used has also an impact on the relevance of the VaR models considered. 
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GARCH-type VaR computed with the Student and especially Cornish Fisher quantiles lead to 

better results. 
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Appendix A: Summary statistics for Hedge Fund Daily Return Indexes from 

March 2003 to March 2008 

 
 
 
 
 
 

!!  
Mean 

3
 

 

 
Volatility 

4
 

 
Skewness 

 
Kurtosis 

 
Jarque Bera Test 

 
Probability 

 
Normality 

HF Strategies ! !       

 HFRX Convertible Arbitrage 0.44% 3.61% -0.44 4.97 241.01 0.00 No 

 HFRX Equity Hedge 5.53% 5.74% -0.62 5.02 289.12 0.00 No 

 HFRX Equity Market Neutral 0.70% 4.12% -0.28 38.03 63454.58 0.00 No 

 HFRX Merger Arbitrage 5.16% 3.55% -1.17 13.96 6489.18 0.00 No 

 HFRX Relative Value Arbitrage 3.62% 3.49% -0.18 14.62 6987.81 0.00 No 

 HFRX Event Driven 7.78% 4.42% -0.71 6.84 867.56 0.00 No 

 HFRX Distressed Securities 7.52% 2.36% 0.36 5.99 488.82 0.00 No 

 HFRX Macro 7.58% 7.47% -1.35 11.80 4385.33 0.00 No 

 HFRX Gobal Index 5.73% 3.74% -1.09 7.18 1147.09 0.00 No 

Stock Market Indexes ! !       

Dow Jones 8.25% 12.28% -0.28 4.26 98.31 0.00 No 

Russel 2000 11.69% 18.50% -0.21 3.26 13.14 0.00 No 

Nasdaq 9.78% 16.59% -0.16 3.51 18.67 0.00 No 

S&P 500 8.72% 12.88% -0.32 4.50 137.21 0.00 No 

DJ EUROSTOXX 50 13.82% 16.21% -0.41 7.94 1298.84 0.00 No 

Bond Market Indexes ! !       

JP Morgan EMU Bond Index 2.92% 1.06% -0.29 5.12 250.68 0.00 No 

Lehman Bond Composite US Index 4.46% 3.93% -0.11 9.98 2525.08 0.00 No 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                

3 Annualized returns are computed as follows:  

4Annualized standard deviation is computed as follows:   
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Appendix B: Histograms of Hedge Fund Daily Return Indexes 
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Appendix C: Quantile-Quantile Plots of Hedge Fund Daily Return Indexes  
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Appendix D: Continuously Compounded Hedge Fund Daily Return Indexes 
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Appendix E: Correlograms of Hedge Fund Daily Return Indexes 
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Appendix F: Hedge Fund Strategies Mean Equation Modelling 

 

 

 

 

 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 2.20E-04 1.99E-05 2.60E-04 2.95E-04 2.16E-04 3.91E-05 2.99E-04 2.03E-04 1.44E-04 

  (9.09E-05) (6.08E-05) (1.03E-04) (1.06E-04) (1.24E-04) (5.86E-05) (1.76E-04) (6.68E-05) (6.59E-05) 

 0.470 -0.061 0.960 0.750 0.187 0.645 0.616 0.498 0.432 

  (0.105) (0.028) (0.019) (0.105) (0.028) (0.127) (0.123) (0.059) (0.108) 

 -0.261  -0.838 -0.661  -0.480  -0.438 -0.440 

  (0.114)  (0.034) (0.119)  (0.120)  (0.055) (0.095) 

       0.166 -0.488 -0.859 -0.689 

        (0.125) (0.137) (0.053) (0.108) 

    -0.064   -0.368  0.879 0.773 

     (0.030)   (0.118)  (0.048) (0.095) 

                    

R! 0.053 0.004 0.058 0.018 0.035 0.041 0.026 0.019 0.016 

AIC -9.314 -9.336 -10.236 -8.944 -8.439 -9.106 -7.902 -9.376 -9.408 

SIC -9.301 -9.328 -10.220 -8.932 -8.431 -9.086 -7.889 -9.356 -9.388 

Log Likelihood 5777.519 5790.334 6350.500 5548.312 5234.034 5646.316 4902.126 5813.718 5833.495 

Q(5) 1.2311 17.029** 2.077 2.279 0.951 2.526 4.151 4.7959** 0.249 

Q(10) 21.026** 33.379** 14.546** 12.159 12.806 9.769 13.883 10.370 13.016** 

ARCH LM-Test 240.904** 28.253** 5.358 122.754** 202.789** 429.757** 191.881** 269.260** 282.266** 
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Appendix G: Hedge Fund Strategies Parameters Estimates  

(errors follow the normal law)   

 

 

 

 

 

ARMA - GARCH(1;1) modelling
5
 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 2.75E-04 1.36E-04 3.15E-04 4.02E-04 3.23E-04 8.10E-05 2.81E-04 2.74E-04 2.67E-04 

 (7.65E-05) (5.32E-05) (1.15E-04) (8.59E-05) (1.15E-04) (4.67E-05) (1.30E-04) (4.85E-05) (6.64E-05) 

 0.405 -0.107 0.962 0.706 0.190 1.144 0.382 0.201 0.113 

  (0.111) (0.031) (0.019) (0.126) (0.031) (0.101) (0.202) (0.007) (0.156) 

 -0.185  -0.825 -0.619  -1.094 -0.254 -0.207 -0.122 

  (0.122)  (0.037) (0.143)  (0.097) (0.212) (0.004) (0.166) 

       -0.257  -0.976 0.837 

        (0.147)  (0.006) (0.155) 

    -0.074   0.193  0.995 -0.799 

     (0.033)   (0.144)  (0.003) (0.163) 

             

Variance Equation                   

 1.13E-07 9.52E-08 2.86E-08 2.25E-07 3.97E-07 2.77E-07 7.82E-07 2.34E-07 7.19E-08 

  (3.32E-08) (4.10E-08) (9.51E-09) (6.36E-08) (1.20E-07) (5.49E-08) (1.77E-07) (3.97E-08) (1.70E-08) 

 0.068 0.057 0.031 0.077 0.079 0.144 0.118 0.164 0.147 

  (0.010) (0.010) (0.006) (0.014) (0.013) (0.017) (0.018) (0.015) (0.014) 

 0.909 0.925 0.956 0.892 0.888 0.801 0.847 0.783 0.849 

  (0.015) (0.016) (0.008) (0.021) (0.020) (0.024) (0.023) (0.019) (0.013) 

             

R! 0.053 -0.002 0.057 0.017 0.034 0.017 0.024 0.009 -0.004 

AIC -9.563 -9.448 -10.266 -9.120 -8.610 -9.550 -8.195 -9.764 -9.845 

SIC -9.538 -9.427 -10.237 -9.095 -8.589 -9.517 -8.170 -9.731 -9.812 

Log Likelihood 5935.133 5862.712 6371.816 5660.325 5343.113 5924.464 5086.696 6056.671 6107.113 

Q(5) 0.896 9.125 2.7275 2.321 2.0362 3.1429 0.419 6.547** 1.521 

Q(10) 11.800 22.743** 10.959 6.607 7.1936 10.872 7.192 13.895** 8.574 

ARCH LM-Test 12.676 7.047 15.167 8.746 5.609 6.451 16.183 15.361 9.841** 

 
 
 
 
 
 
 
 
 
 
 
 
 

                                                
5 ** no significant at 5% confidence level 
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ARMA - TGARCH(1;1) modelling
6
 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 2.55E-04 1.23E-04 3.09E-04 2.88E-04 2.15E-04 7.17E-06 3.02E-04 2.50E-04 2.25E-04 

  (8.12E-05) (5.37E-05) (1.15E-04) (1.44E-04) (1.15E-04) (5.74E-05) (1.23E-04) (4.84E-05) (9.13E-05) 

 0.446 -0.109 0.962 0.971 0.201 0.418 0.255 -0.655 0.129 

  (0.107) (0.031) (0.019) (0.017) (0.032) (0.671) (0.227) (0.034) (0.145) 

 -0.221  -0.826 -0.945  -0.358 -0.143 0.644 -0.139 

  (0.119)  (0.037) (0.023)  (0.671) (0.234) (0.036) (0.154) 

       0.035  -0.901 0.838 

        (0.434)  (0.034) (0.143) 

    -0.073   -0.064  0.898 -0.795 

     (0.033)   (0.413)  (0.034) (0.150) 

                    

Variance Equation                   

 1.98E-07 1.41E-07 2.72E-08 3.05E-07 7.10E-07 3.14E-07 2.24E-07 1.97E-07 7.82E-08 

  (4.12E-08) (4.94E-08) (9.38E-09) (6.26E-08) (1.34E-07) (5.87E-08) (6.33E-08) (3.11E-08) (1.58E-08) 

 0.038 0.037 0.027 0.014 -0.018 0.051 0.109 0.052 0.089 

  (0.025) (0.010) (0.007) (0.014) (0.022) (0.021) (0.017) (0.016) (0.020) 

 0.066 0.038 0.007 0.097 0.158 0.176 -0.086 0.142 0.097 

  (0.028) (0.015) (0.009) (0.021) (0.031) (0.031) (0.018) (0.026) (0.023) 

 0.883 0.915 0.957 0.891 0.869 0.798 0.930 0.825 0.853 

  (0.021) (0.019) (0.008) (0.020) (0.026) (0.027) (0.009) (0.016) (0.014) 

            

                    

R! 0.053 -0.001 0.057 0.012 0.035 0.016 0.022 0.004 -0.004 

AIC -9.564 -9.450 -10.265 -9.128 -8.628 -9.569 -8.207 -9.770 -9.851 

SIC -9.535 -9.425 -10.231 -9.099 -8.604 -9.532 -8.178 -9.732 -9.814 

Log Likelihood 5936.803 5864.869 6372.012 5666.274 5355.654 5936.974 5095.600 6061.265 6111.762 

Q(5) 0.709 8.125 2.7426 9.123** 2.2849 2.5914 2.750 6.530** 1.505 

Q(10) 12.012 20.878** 11.066 12.499 7.4772 10.354 9.813 14.028** 7.958 

ARCH LM-Test 11.375 9.331 15.552 7.270 2.361 5.764 12.570 17.593 5.240 

 
 
 
 
 
 
 
 
 
 
 
 

                                                
6 ** no significant at 5% confidence level 
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ARMA - EGARCH(1;1) modelling 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 2.90E-04 1.05E-04 3.32E-04 3.40E-04 2.52E-04 8.25E-06 2.73E-04 2.38E-04 2.18E-04 

  (7.70E-05) (5.39E-05) (1.01E-04) (9.33E-05) (1.16E-04) (5.35E-05) (1.21E-04) (4.66E-05) (4.47E-05) 

 0.463 -0.105 0.955 0.780 0.197 1.108 0.322 -1.676 -0.813 

  (0.104) (0.031) (0.021) (0.089) (0.032) (0.418) (0.216) (0.219) (0.243) 

 -0.260  -0.830 -0.699  -1.058  1.685 0.812 

  (0.114)  (0.037) (0.104)  (0.419)  (0.217) (0.245) 

       -0.472 -0.202 -0.703 -0.735 

        (0.228) (0.224) (0.212) (0.258) 

    -0.060   0.432  0.713 0.737 

     (0.033)   (0.227)  (0.210) (0.257) 

                    

Variance Equation                   

 -0.423 -0.477 -0.331 -0.530 -0.705 -0.890 -0.384 -0.718 -0.595 

  (0.094) (0.129) (0.088) (0.127) (0.138) (0.166) (0.081) (0.087) (0.078) 

 0.144 0.132 0.097 0.144 0.126 0.244 0.186 0.239 0.281 

  (0.023) (0.023) (0.017) (0.025) (0.030) (0.028) (0.023) (0.019) (0.023) 

 -0.021 -0.039 -0.007 -0.040 -0.100 -0.108 0.038 -0.096 -0.048 

  (0.016) (0.010) (0.009) (0.016) (0.020) (0.017) (0.016) (0.015) (0.014) 

 0.975 0.969 0.980 0.965 0.947 0.943 0.978 0.957 0.969 

  (0.007) (0.010) (0.006) (0.010) (0.011) (0.012) (0.006) (0.007) (0.006) 

                    

R! 0.053 0.000 0.057 0.018 0.035 0.010 0.023 0.004 0.001 

AIC -9.561 -9.439 -10.275 -9.120 -8.615 -9.566 -8.205 -9.761 -9.857 

SIC -9.532 -9.415 -10.242 -9.091 -8.590 -9.528 -8.177 -9.724 -9.820 

Log Likelihood 5934.727 5858.412 6378.497 5661.190 5347.394 5934.838 5094.360 6055.782 6115.459 

Q(5) 1.719 8.994 2.6167 1.583 2.3516 3.1758 1.492 6.963** 2.728 

Q(10) 12.489 22.524** 10.855 5.882 8.4889 9.5340 7.824 13.396** 7.800 

ARCH LM-Test 2.992 11.469** 17.044 6.459 5.677 2.750 9.769 15.310 7.177** 
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Appendix H: Hedge Fund Strategies Parameters Estimates  

(errors follow the student law)   

 

 

 

 

 
ARMA - GARCH(1;1) modelling

7
 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 3.86E-04 1.32E-04 2.06E-04 4.76E-04 4.40E-04 8.29E-05 3.58E-04 3.25E-04 3.72E-04 

  (6.70E-05) (5.03E-05) (7.52E-05) (7.91E-05) (1.05E-04) (4.55E-05) (1.10E-04) (4.29E-05) (1.83E-04) 

 0.397 -0.111 0.952 0.603 0.179 1.109 0.373 -0.665 0.314 

  (0.113) (0.029) (0.019) (0.150) (0.031) (0.129) (0.266) (0.040) (0.611) 

 -0.187  -0.843 -0.504  -1.062 -0.283 0.656 -0.315 

  (0.122)  (0.034) (0.164)  (0.127) (0.276) (0.037) (0.618) 

       -0.230  -0.876 0.676 

        (0.144)  (0.032) (0.607) 

    -0.052   0.168  0.893 -0.660 

     (0.028)   (0.142)  (0.029) (0.608) 

                    

Variance Equation                   

 1.18E-07 8.31E-08 5.98E-08 2.01E-07 3.70E-07 2.50E-07 6.88E-07 2.62E-07 8.65E-08 

  (4.19E-08) (4.38E-08) (3.05E-08) (7.69E-08) (1.36E-07) (7.38E-08) (2.34E-07) (7.70E-08) (2.92E-08) 

 0.097 0.049 0.064 0.090 0.091 0.144 0.115 0.140 0.135 

  (0.020) (0.012) (0.019) (0.021) (0.020) (0.026) (0.025) (0.030) (0.025) 

 0.880 0.935 0.913 0.885 0.878 0.809 0.853 0.799 0.856 

  (0.023) (0.018) (0.025) (0.025) (0.025) (0.032) (0.029) (0.038) (0.022) 

            

 8 10 4 7 11 8 6 5 5 

                    

R! 0.050 -0.002 0.057 0.015 0.032 0.017 0.021 0.002 -0.001 

AIC -9.620 -9.471 -10.380 -9.167 -8.634 -9.583 -8.270 -9.835 -9.927 

SIC -9.591 -9.446 -10.347 -9.138 -8.609 -9.546 -8.241 -9.797 -9.890 

Log Likelihood 5971.602 5878.178 6443.856 5690.284 5358.774 5945.494 5134.469 6101.563 6158.984 

Q(5) 1.382 9.867** 3.811 2.096 2.607 3.227 1.870 4.240** 2.015 

Q(10) 11.536 23.826** 10.207 6.555 7.727 10.911 8.116 13.069** 8.134 

ARCH LM-Test 9.255 7.938 13.770 6.903 4.236 5.955 16.090 3.650 11.613** 

 
 
 
 
 
 
 
 
 
 
 
 

                                                
7 ** no significant at 5% confidence level 
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ARMA - TGARCH(1;1) modelling
8
 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 3.54E-04 1.26E-04 1.94E-04 4.32E-04 3.41E-04 3.39E-05 3.88E-04 3.10E-04 4.05E-04 

  (7.04E-05) (5.06E-05) (7.61E-05) (8.15E-05) (1.06E-04) (5.39E-05) (1.06E-04) (4.31E-05) (3.02E-04) 

 0.460 -0.111 0.952 0.642 0.192 0.453 0.080 -0.670 0.373 

  (0.103) (0.029) (0.019) (0.137) (0.031) (0.453) (0.313) (0.042) (0.662) 

 -0.241  -0.844 -0.542  -0.396 0.008 0.661 -0.376 

  (0.113)  (0.033) (0.151)  (0.451) (0.315) (0.040) (0.671) 

      0.080  -0.873 0.621 

       (0.381)  (0.032) (0.659) 

   -0.051   -0.124  0.888 -0.602 

    (0.028)   (0.371)  (0.029) (0.661) 

                    

Variance Equation                   

 1.98E-07 1.16E-07 6.32E-08 2.95E-07 6.26E-07 3.04E-07 3.35E-07 2.32E-07 9.47E-08 

  (5.11E-08) (5.11E-08) (3.13E-08) (8.89E-08) (1.44E-07) (7.94E-08) (1.42E-07) (5.98E-08) (2.89E-08) 

 0.037 0.031 0.052 0.036 -0.015 0.064 0.135 0.040 0.084 

  (0.030) (0.016) (0.019) (0.023) (0.027) (0.029) (0.033) (0.030) (0.029) 

 0.120 0.031 0.040 0.103 0.171 0.168 -0.098 0.132 0.096 

  (0.039) (0.018) (0.029) (0.035) (0.037) (0.043) (0.031) (0.041) (0.040) 

 0.854 0.929 0.908 0.869 0.865 0.792 0.906 0.828 0.853 

  (0.026) (0.019) (0.026) (0.027) (0.028) (0.035) (0.021) (0.030) (0.022) 

            

 8 10 4 7 13 9 6 5 5 

                    

R! 0.052 -0.002 0.057 0.016 0.034 0.019 0.018 0.002 -0.001 

AIC -9.626 -9.472 -10.381 -9.174 -8.651 -9.593 -8.279 -9.841 -9.930 

SIC -9.593 -9.443 -10.344 -9.141 -8.622 -9.551 -8.246 -9.800 -9.888 

Log Likelihood 5975.947 5879.471 6445.054 5695.612 5370.694 5952.649 5141.284 6106.575 6161.533 

Q(5) 1.156 8.687 3.736 3.894 2.633 3.430 5.613 3.802 1.720 

Q(10) 11.661 21.638** 10.548 6.803 7.763 11.141 12.461 11.322 7.125 

ARCH LM-Test 8.151 10.076 15.265 49.782** 2.184 5.468 9.712 20.387 5.384 

 
 
 
 
 
 
 
 
 
 
 
 

                                                
8 ** no significant at 5% confidence level 
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ARMA - EGARCH(1;1) modelling
9
 

 
 Global CA DS ED EH EMN M MA RVA 

Mean Equation ARMA(1;1) AR(1) ARMA(1;2) ARMA(1;1) AR(1) ARMA(2;2) ARMA(1;1) ARMA(2;2) ARMA(2;2) 

 3.60E-04 1.12E-04 1.93E-04 4.20E-04 3.61E-04 3.00E-05 3.93E-04 2.95E-04 2.40E-04 

  (6.74E-05) (5.09E-05) (7.45E-05) (8.07E-05) (1.05E-04) (5.24E-05) (1.06E-04) (5.81E-05) (3.53E-05) 

 0.445 -0.107 0.951 0.637 0.191 0.487 0.330 0.036 -0.454 

  (0.106) (0.029) (0.019) (0.125) (0.031) (0.355) (0.278) (0.072) (0.796) 

 -0.233  -0.847 -0.530  -0.430 -0.244 -0.022 0.473 

  (0.116)  (0.033) (0.139)  (0.354) (0.286) (0.078) (0.797) 

      0.076  0.882 0.061 

       (0.281)  (0.062) (0.567) 

   -0.049   -0.124  -0.870 -0.029 

    (0.028)   (0.276)  (0.067) (0.569) 

                    

Variance Equation                   

 -0.576 -0.381 -0.576 -0.549 -0.643 -0.897 -0.396 -0.747 -0.717 

  (0.133) (0.140) (0.227) (0.149) (0.142) (0.216) (0.117) (0.166) (0.025) 

 0.196 0.116 0.160 0.169 0.149 0.261 0.198 0.226 0.363 

  (0.036) (0.028) (0.041) (0.036) (0.037) (0.042) (0.035) (0.041) (0.044) 

 -0.059 -0.030 -0.029 -0.066 -0.108 -0.095 0.045 -0.093 -0.025 

  (0.023) (0.014) (0.022) (0.023) (0.023) (0.023) (0.020) (0.026) (0.025) 

 0.966 0.976 0.965 0.965 0.954 0.944 0.977 0.954 0.966 

  (0.010) (0.011) (0.016) (0.011) (0.011) (0.016) (0.009) (0.012) (0.003) 

            

 8 9 4 7 12 9 6 5 5 

            

R! 0.051 0.000 0.057 0.017 0.034 0.019 0.020 0.005 -0.001 

AIC -9.624 -9.464 -10.385 -9.172 -8.643 -9.590 -8.276 -9.834 -9.921 

SIC -9.591 -9.435 -10.348 -9.139 -8.614 -9.549 -8.243 -9.793 -9.880 

Log Likelihood 5974.683 5874.854 6447.829 5694.718 5365.801 5950.979 5139.411 6102.300 6156.288 

Q(5) 1.087 9.638** 3.361 0.722 2.641 3.593 4.156 4.954** 1.152 

Q(10) 11.782 23.406** 10.683 5.009 8.604 10.252 10.174 9.578 5.704 

ARCH LM-Test 7.503 12.299** 18.020 42.953 1.581 6.815 9.756 3.004 4.016 

 
 
 
 
 
 
 
 
 

 

                                                
9 ** no significant at 5% confidence level 
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Appendix I: Hedge Funds VaR forecasts 

 

 

Normal quantiles 
 

 5% 

  Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,374% -0,464% -0,479% -0,497% 

Distressed Securities -0,245% -0,247% -0,248% -0,259% 

Event Driven -0,458% -0,457% -0,438% -0,478% 

Equity Hedge -0,595% -0,671% -0,712% -0,644% 

Equity Market Neutral -0,427% -0,522% -0,563% -0,522% 

Macro -0,774% -1,113% -1,341% -1,313% 

Merger Arbitrage -0,368% -0,236% -0,242% -0,247% 

Relative Value Arbitrage -0,362% -0,577% -0,620% -0,577% 

Global Index -0,388% -0,462% -0,450% -0,424% 

 

 
 2.5% 

  Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,445% -0,553% -0,571% -0,592% 

Distressed Securities -0,292% -0,294% -0,295% -0,309% 

Event Driven -0,545% -0,545% -0,522% -0,570% 

Equity Hedge -0,709% -0,800% -0,849% -0,767% 

Equity Market Neutral -0,509% -0,622% -0,671% -0,622% 

Macro -0,922% -1,326% -1,598% -1,564% 

Merger Arbitrage -0,439% -0,281% -0,289% -0,294% 

Relative Value Arbitrage -0,431% -0,687% -0,738% -0,688% 

Global Index -0,462% -0,550% -0,537% -0,505% 

 

 
  Standard 

Deviation 
GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,529% -0,656% -0,678% -0,703% 

Distressed Securities -0,346% -0,350% -0,351% -0,366% 

Event Driven -0,647% -0,646% -0,619% -0,676% 

Equity Hedge -0,842% -0,949% -1,008% -0,910% 

Equity Market Neutral -0,604% -0,739% -0,796% -0,738% 

Macro -1,094% -1,574% -1,897% -1,856% 

Merger Arbitrage -0,521% -0,334% -0,343% -0,349% 

Relative Value Arbitrage -0,512% -0,816% -0,876% -0,816% 

Global Index -0,548% -0,653% -0,637% -0,599% 
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Student quantiles 

 

 5% 
 Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,368% -0,461% -0,474% -0,489% 

Distressed Securities -0,224% -0,244% -0,241% -0,245% 

Event Driven -0,446% -0,445% -0,435% -0,463% 

Equity Hedge -0,589% -0,670% -0,722% -0,650% 

Equity Market Neutral -0,420% -0,519% -0,555% -0,521% 

Macro -0,746% -1,077% -1,317% -1,297% 

Merger Arbitrage -0,349% -0,226% -0,238% -0,239% 

Relative Value Arbitrage -0,343% -0,538% -0,582% -0,551% 

Global Index -0,380% -0,450% -0,461% -0,410% 

 

 

 2.5% 

 Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,453% -0,566% -0,583% -0,603% 

Distressed Securities -0,292% -0,318% -0,314% -0,319% 

Event Driven -0,556% -0,555% -0,542% -0,578% 

Equity Hedge -0,720% -0,821% -0,880% -0,795% 

Equity Market Neutral -0,518% -0,644% -0,684% -0,643% 

Macro -0,940% -1,357% -1,659% -1,634% 

Merger Arbitrage -0,446% -0,289% -0,303% -0,305% 

Relative Value Arbitrage -0,438% -0,686% -0,742% -0,702% 

Global Index -0,471% -0,558% -0,572% -0,509% 

 

 

 1% 

 Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,562% -0,702% -0,723% -0,753% 

Distressed Securities -0,394% -0,429% -0,424% -0,430% 

Event Driven -0,705% -0,704% -0,688% -0,733% 

Equity Hedge -0,886% -1,014% -1,080% -0,978% 

Equity Market Neutral -0,646% -0,808% -0,854% -0,802% 

Macro -1,207% -1,743% -2,131% -2,098% 

Merger Arbitrage -0,583% -0,378% -0,397% -0,400% 

Relative Value Arbitrage -0,573% -0,898% -0,971% -0,919% 

Global Index -0,591% -0,701% -0,718% -0,639% 
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Cornish Fisher quantiles10 
 

 5% 

  Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,392% -0,487% -0,503% -0,522% 

Distressed Securities -0,220% -0,222% -0,223% -0,233% 

Event Driven -0,490% -0,489% -0,469% -0,512% 

Equity Hedge -0,641% -0,723% -0,768% -0,693% 

Equity Market Neutral -0,263% -0,322% -0,348% -0,322% 

Macro -0,855% -1,229% -1,482% -1,450% 

Merger Arbitrage -0,387% -0,248% -0,255% -0,260% 

Relative Value Arbitrage -0,321% -0,513% -0,551% -0,513% 

Global Index -0,435% -0,519% -0,506% -0,476% 

 

 
 2.5% 

  Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,517% -0,642% -0,663% -0,688% 

Distressed Securities -0,294% -0,297% -0,298% -0,311% 

Event Driven -0,692% -0,691% -0,662% -0,723% 

Equity Hedge -0,845% -0,953% -1,011% -0,914% 

Equity Market Neutral -1,164% -1,425% -1,536% -1,424% 

Macro -1,382% -1,988% -2,396% -2,344% 

Merger Arbitrage -0,687% -0,440% -0,452% -0,460% 

Relative Value Arbitrage -0,625% -0,996% -1,070% -0,997% 

Global Index -0,610% -0,727% -0,709% -0,667% 

 

 
 1% 

  Standard Deviation GARCH  TGARCH  EGARCH 

    

VaR VaR VaR VaR 

 

    

Convertible Arbitrage -0,690% -0,857% -0,885% -0,918% 

Distressed Securities -0,404% -0,408% -0,409% -0,427% 

Event Driven -0,990% -0,988% -0,947% -1,034% 

Equity Hedge -1,125% -1,268% -1,346% -1,216% 

Equity Market Neutral -2,774% -3,395% -3,660% -3,392% 

Macro -2,207% -3,173% -3,825% -3,743% 

Merger Arbitrage -1,171% -0,750% -0,771% -0,786% 

Relative Value Arbitrage -1,136% -1,811% -1,945% -1,812% 

Global Index -0,862% -1,027% -1,001% -0,942% 

 

 

 

                                                
10 GARCH, TGARCH and EGARCH parameters are estimated under the assumption that residuals follow the 

normal law 

2514



 - 42 - 

 

Appendix J: Number and Proportion of Hedge Funds VaR Failures 

 
 
Normal quantiles 
 
 5% 

  Standard Deviation GARCH  TGARCH  EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 30 12.00% 14 5.60% 16 6.40% 16 6.40% 

Distressed Securities 9 3.60% 14 5.60% 14 5.60% 9 3.60% 

Event Driven 31 12.40% 23 9.20% 23 9.20% 22 8.80% 

Equity Hedge 32 12.80% 27 10.80% 29 11.60% 31 12.40% 

Equity Market Neutral 25 10.00% 21 8.40% 22 8.80% 21 8.40% 

Macro 27 10.80% 16 6.40% 11 6.40% 15 6.00% 

Merger Arbitrage 26 10.40% 16 6.40% 16 6.40% 17 6.80% 

Relative Value Arbitrage 36 14.40% 13 5.20% 14 5.60% 13 5.20% 

Global Index 41 16.40% 24 9.60% 28 11.20% 24 9.60% 

 
 

 2.5% 

  Standard Deviation GARCH TGARCH EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 18 7.20% 10 4.00% 9 3.60% 9 3.60% 

Distressed Securities 5 2.00% 6 2.40% 7 2.80% 5 2.00% 

Event Driven 26 10.40% 12 4.80% 13 5.20% 11 4.40% 

Equity Hedge 27 10.80% 17 6.80% 15 6.00% 20 8.00% 

Equity Market Neutral 20 8.00% 16 6.40% 17 6.80% 15 6.00% 

Macro 21 8.40% 7 2.80% 7 2.80% 9 3.60% 

Merger Arbitrage 22 8.80% 12 4.80% 12 4.80% 13 5.20% 

Relative Value Arbitrage 30 12.00% 11 4.40% 11 4.40% 11 4.40% 

Global Index 31 12.40% 15 6.00% 17 6.80% 19 7.60% 

 
 

 1% 

  Standard Deviation GARCH TGARCH EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 11 4.40% 6 2.40% 6 2.40% 7 2.80% 

Distressed Securities 4 1.60% 3 1.20% 3 1.20% 3 1.20% 

Event Driven 17 6.80% 7 2.80% 8 3.20% 7 2.80% 

Equity Hedge 23 9.20% 5 2.00% 7 2.80% 11 4.40% 

Equity Market Neutral 15 6.00% 11 4.40% 10 4.00% 10 4.00% 

Macro 16 6.40% 5 2.00% 4 1.60% 4 1.60% 

Merger Arbitrage 16 6.40% 12 4.80% 12 4.80% 12 4.80% 

Relative Value Arbitrage 22 8.80% 8 3.20% 9 3.60% 9 3.60% 

Global Index 24 9.60% 8 3.20% 11 4.40% 10 4.00% 
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Student quantiles11 
 
 5% 

 Standard Deviation GARCH  TGARCH  EGARCH 

        

Nb of F POF Nb of 
F 

POF Nb of 
F 

POF Nb of 
F 

POF 

 

        

Convertible Arbitrage 30 12,00% 15 6,00% 16 6,40% 15 6,00% 

Distressed Securities 10 4,00% - - - - 9 3,60% 

Event Driven 32 12,80% 22 8,80% 23 9,20% 23 9,20% 

Equity Hedge 33 13,20% 29 11,60% 28 11,20% 32 12,80% 

Equity Market Neutral 25 10,00% 22 8,80% 21 8,40% 24 9,60% 

Macro 28 11,20% 16 6,40% 14 - 16 6,40% 

Merger Arbitrage 27 10,80% - - - - 18 7,20% 

Relative Value Arbitrage 38 15,20% - - 15 6,00% 16 6,40% 

Global Index 42 16,80% 24 9,60% 24 9,60% 23 9,20% 

 
 

 2,5% 
 Standard Deviation GARCH TGARCH EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 17 6,80% 10 4,00% 9 3,60% 9 3,60% 

Distressed Securities 5 2,00% - - - - 4 1,60% 

Event Driven 26 10,40% 11 4,40% 10 4,00% 9 3,60% 

Equity Hedge 27 10,80% 14 5,60% 12 4,80% 15 6,00% 

Equity Market Neutral 20 8,00% 14 5,60% 15 6,00% 16 6,40% 

Macro 21 8,40% 7 2,80% 8 3,20% 7 2,80% 

Merger Arbitrage 22 8,80% - - - - 13 5,20% 

Relative Value Arbitrage 30 12,00% - - 11 4,40% 13 5,20% 

Global Index 29 11,60% 15 6,00% 16 6,40% 16 6,40% 

 
 

 1% 

 Standard Deviation GARCH TGARCH EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 9 3,60% 5 2,00% 6 2,40% 5 2,00% 

Distressed Securities 3 1,20% - - - - 2 0,80% 

Event Driven 11 4,40% 6 2,40% 4 1,60% 4 1,60% 

Equity Hedge 21 8,40% 4 1,60% 6 2,40% 6 2,40% 

Equity Market Neutral 13 5,20% 10 4,00% 9 3,60% 10 4,00% 

Macro 15 6,00% 4 1,60% 3 1,20% 4 1,60% 

Merger Arbitrage 15 6,00% - - - - 11 4,40% 

Relative Value Arbitrage 19 7,60% - - 4 1,60% 6 2,40% 

Global Index 21 8,40% 2 0,80% 4 1,60% 5 2,00% 

 
 
 
 

                                                
11 No reported conditional variance for several GARCH and TGARCH estimations 
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Cornish Fisher quantiles 
 
    5%     

 Standard Deviation GARCH  TGARCH  EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 27 10,80% 13 5,20% 14 5,60% 14 5,60% 

Distressed Securities 10 4,00% 19 7,60% 18 7,20% 13 5,20% 

Event Driven 28 11,20% 17 6,80% 20 8,00% 17 6,80% 

Equity Hedge 31 12,40% 21 8,40% 25 10,00% 29 11,60% 

Equity Market Neutral 53 21,20% 45 18,00% 48 19,20% 47 18,80% 

Macro 23 9,20% 10 4,00% 9 3,60% 9 3,60% 

Merger Arbitrage 25 10,00% 15 6,00% 15 6,00% 15 6,00% 

Relative Value Arbitrage 39 15,60% 18 7,20% 18 7,20% 19 7,60% 

Global Index 36 14,40% 16 6,40% 20 8,00% 19 7,60% 

 
 

 2,5% 

 Standard Deviation GARCH TGARCH EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 13 5,20% 6 2,40% 6 2,40% 7 2,80% 

Distressed Securities 5 2,00% 6 2,40% 6 2,40% 5 2,00% 

Event Driven 13 5,20% 7 2,80% 5 2,00% 6 2,40% 

Equity Hedge 23 9,20% 5 2,00% 7 2,80% 11 4,40% 

Equity Market Neutral 4 1,60% 1 0,40% 1 0,40% 2 0,80% 

Macro 11 4,40% 1 0,40% 3 1,20% 2 0,80% 

Merger Arbitrage 13 5,20% 6 2,40% 6 2,40% 9 3,60% 

Relative Value Arbitrage 18 7,20% 3 1,20% 2 0,80% 3 1,20% 

Global Index 16 6,40% 1 0,40% 5 2,00% 4 1,60% 

 
 

 1% 

 Standard Deviation GARCH TGARCH EGARCH 

        

Nb of F POF Nb of F POF Nb of F POF Nb of F POF 

 

        

Convertible Arbitrage 6 2,40% 3 1,20% 2 0,80% 2 0,80% 

Distressed Securities 2 0,80% 3 1,20% 2 0,80% 3 1,20% 

Event Driven 4 1,60% 2 0,80% 1 0,40% 2 0,80% 

Equity Hedge 8 3,20% 1 0,40% 1 0,40% 0 0,00% 

Equity Market Neutral 1 0,40% 0 0,00% 0 0,00% 0 0,00% 

Macro 4 1,60% 0 0,00% 0 0,00% 0 0,00% 

Merger Arbitrage 4 1,60% 0 0 0 0 1 0,40% 

Relative Value Arbitrage 2 0,80% 0 0 0 0,00% 0 0,00% 

Global Index 7 2,80% 1 0,40% 1 0,40% 1 0,40% 
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Appendix K: Unconditional Coverage, Independence and Conditional Coverage Test  

 
 
Normal quantiles 
 

 5% 

 Standard Deviation GARCH  TGARCH  EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 8,187 1,498 9,685 0,079 0,725 0,804 0,413 0,955 1,368 0,413 0,955 1,368 

Distressed Securities 0,494 2,006 2,501 0,079 0,669 0,748 0,079 0,669 0,748 0,494 0,437 0,931 

Event Driven 9,030 0,601 9,631 3,266 0,173 3,439 3,266 0,004 3,270 2,718 0,001 2,719 

Equity Hedge 9,905 0,451 10,356 5,858 0,198 6,056 7,376 0,354 7,730 9,030 0,179 9,209 

Equity Market Neutral 4,485 4,623 9,108 2,214 0,379 2,592 2,718 0,265 2,983 2,214 0,379 2,592 

Macro 5,858 0,785 6,643 0,413 0,370 0,783 0,086 0,203 0,289 0,215 0,005 0,220 

Merger Arbitrage 5,153 4,110 9,263 0,413 0,000 0,414 0,413 0,000 0,414 0,669 0,012 0,681 

Relative Value Arbitrage 13,709 5,885 19,595 0,009 0,622 0,631 0,079 0,725 0,804 0,009 0,622 0,631 

Global Index 19,095 2,242 21,337 3,856 1,331 5,187 6,600 0,004 6,604 3,856 0,101 3,957 

 
 
 2,5% 

 Standard Deviation GARCH TGARCH EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 6,582 1,973 8,556 0,850 0,364 1,214 0,475 0,293 0,769 0,475 0,293 0,769 

Distressed Securities 0,119 1,370 1,489 0,005 1,052 1,057 0,039 0,801 0,840 0,119 1,370 1,489 

Event Driven 15,753 0,297 16,049 1,864 0,123 1,988 2,489 0,065 2,554 1,316 0,442 1,758 

Equity Hedge 17,083 1,448 18,530 5,647 0,257 5,904 3,944 0,005 3,949 8,606 0,133 8,739 

Equity Market Neutral 8,606 4,085 12,691 4,767 0,370 5,136 5,647 1,077 6,724 3,944 0,506 4,451 

Macro 9,690 2,404 12,094 0,039 0,801 0,840 0,039 0,176 0,215 0,475 0,437 0,912 

Merger Arbitrage 10,819 3,151 13,971 1,864 0,123 1,988 1,864 0,123 1,988 2,489 0,065 2,554 

Relative Value Arbitrage 21,285 4,850 26,134 1,316 0,442 1,758 1,316 0,442 1,758 1,316 0,442 1,758 

Global Index 22,753 5,717 28,469 3,944 0,836 4,780 5,647 1,083 6,730 7,570 1,365 8,934 

 
 
 1% 

 Standard Deviation GARCH TGARCH EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 6,901 0,203 7,104 1,544 0,129 1,673 1,544 0,129 1,673 2,387 0,176 2,563 

Distressed Securities 0,334 1,784 2,118 0,041 2,356 2,397 0,041 2,356 2,397 0,041 2,356 2,397 

Event Driven 16,087 1,083 17,170 2,387 0,176 2,563 3,359 0,231 3,589 2,387 0,176 2,563 

Equity Hedge 27,287 0,728 28,015 0,850 0,089 0,939 2,387 0,176 2,563 6,901 0,442 7,343 

Equity Market Neutral 12,766 5,057 17,823 6,901 0,203 7,104 5,626 0,306 5,933 5,626 0,306 5,933 

Macro 14,398 4,460 18,857 0,850 1,370 2,220 0,334 0,057 0,391 0,334 0,057 0,391 

Merger Arbitrage 14,398 1,322 15,719 8,259 0,123 8,382 8,259 0,123 8,382 8,259 0,123 8,382 

Relative Value Arbitrage 25,305 3,151 28,457 3,359 0,231 3,589 4,442 0,293 4,736 4,442 0,293 4,736 

Global Index 29,310 5,177 34,487 3,359 0,231 3,589 6,901 0,442 7,343 5,626 0,364 5,990 
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Student quantiles12 
 

 5% 
 Standard Deviation GARCH  TGARCH  EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 8,187 1,498 9,685 0,215 0,005 0,220 0,413 0,955 1,368 0,215 0,836 1,051 

Distressed Securities 0,245 1,651 1,895 - - - - - - 0,494 0,437 0,931 

Event Driven 9,905 1,014 10,919 2,718 0,265 2,983 3,266 0,004 3,270 3,266 0,173 3,439 

Equity Hedge 10,811 0,323 11,134 7,376 0,392 7,768 6,600 0,258 6,858 9,905 0,104 10,009 

Equity Market Neutral 4,485 4,623 9,108 2,718 0,265 2,983 2,214 0,379 2,592 3,856 0,561 4,416 

Macro 6,600 0,610 7,210 0,413 0,436 0,849 0,079 0,026 0,105 0,413 0,370 0,783 

Merger Arbitrage 5,858 3,637 9,495 - - - - - - 0,980 0,038 1,017 

Relative Value Arbitrage 15,783 4,762 20,545 - - - 0,215 0,506 0,722 0,413 0,955 1,368 

Global Index 20,251 1,915 22,166 3,856 0,135 3,990 3,856 0,023 3,879 3,266 0,004 3,270 

 
 

 2,5% 

 Standard Deviation GARCH TGARCH EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 5,647 2,320 7,967 0,850 0,364 1,214 0,475 0,293 0,769 0,475 0,293 0,769 

Distressed Securities 0,119 1,370 1,489 - - - - - - 0,413 1,784 2,196 

Event Driven 15,753 0,297 16,049 1,316 0,203 1,519 0,850 0,364 1,214 0,475 0,293 0,769 

Equity Hedge 17,083 1,448 18,530 3,184 0,725 3,908 1,864 0,528 2,392 3,944 0,836 4,780 

Equity Market Neutral 8,606 4,085 12,691 3,184 0,026 3,210 3,944 0,005 3,949 4,767 0,370 5,136 

Macro 9,690 2,404 12,094 0,039 0,801 0,840 0,201 0,600 0,801 0,039 0,801 0,840 

Merger Arbitrage 10,819 3,151 13,971 - - - - - - 2,489 0,065 2,554 

Relative Value Arbitrage 21,285 4,850 26,134 - - - 1,316 0,442 1,758 2,489 0,622 3,111 

Global Index 19,850 4,008 23,858 3,944 0,778 4,723 4,767 0,955 5,722 4,767 0,955 5,722 

 
 

 1% 

 Standard Deviation GARCH TGARCH EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 4,442 0,437 4,879 0,850 0,089 0,939 1,544 0,129 1,673 0,850 0,089 0,939 

Distressed Securities 0,041 2,356 2,397 - - - - - - 0,047 0,0141 0,061 
Event Driven 6,901 0,442 7,343 1,544 0,129 1,673 0,334 0,057 0,391 0,334 0,057 0,391 

Equity Hedge 23,367 1,138 24,505 0,334 0,057 0,391 1,544 0,129 1,673 1,544 0,129 1,673 

Equity Market Neutral 9,692 4,158 13,850 5,626 0,306 5,933 4,442 0,293 4,736 5,626 0,306 5,933 

Macro 12,766 5,057 17,823 0,334 0,057 0,391 0,041 2,356 2,397 0,334 1,784 2,118 

Merger Arbitrage 12,766 0,506 13,272 - - - - - - 6,901 0,442 7,343 

Relative Value Arbitrage 19,628 2,989 22,617 - - - 0,334 0,057 0,391 1,544 0,129 1,673 

Global Index 23,367 3,597 26,964 0,045 0,014 0,059 0,334 0,057 0,391 0,850 0,089 0,939 

 
 
 
 

                                                
12 No reported conditional variances for several GARCH and TGARCH estimations 
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Cornish Fisher quantiles13 
 
 5% 

 Standard Deviation GARCH  TGARCH  EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 5.858 1.448 7.306 0.009 0.622 0.631 0.079 0.725 0.804 0.079 0.725 0.804 

Distressed Securities 0.245 1.651 1.895 1.342 0.676 2.018 0.980 0.862 1.842 0.009 0.861 0.870 

Event Driven 6.600 0.531 7.131 0.669 0.257 0.926 1.754 0.047 1.801 0.669 0.257 0.926 

Equity Hedge 9.030 0.601 9.631 2.214 0.379 2.592 4.485 0.603 5.088 7.376 0.061 7.437 

Equity Market Neutral 34.509 0.818 35.327 23.864 0.059 23.923 27.690 0.040 27.729 26.392 0.093 26.484 

Macro 3.266 1.744 5.010 0.245 0.306 0.551 0.494 0.437 0.931 0.494 0.437 0.931 

Merger Arbitrage 4.485 3.215 7.700 0.215 0.005 0.220 0.215 0.005 0.220 0.215 0.005 0.220 

Relative Value Arbitrage 16.861 4.253 21.114 0.980 1.973 2.953 0.980 1.973 2.953 1.342 1.663 3.005 

Global Index 13.709 4.323 18.033 0.413 0.955 1.368 1.754 1.519 3.273 1.342 1.365 2.707 

 
 
 2,5% 

 Standard Deviation GARCH TGARCH EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 2,489 0,065 2,554 0,005 0,129 0,133 0,005 0,129 0,133 0,039 0,176 0,215 

Distressed Securities 0,119 1,370 1,489 0,005 1,052 1,057 0,005 1,052 1,057 0,119 1,370 1,489 

Event Driven 2,489 0,622 3,111 0,039 0,176 0,215 0,119 0,089 0,208 0,005 0,129 0,133 

Equity Hedge 11,992 0,728 12,720 0,119 0,089 0,208 0,039 0,176 0,215 1,316 0,442 1,758 

Equity Market Neutral 0,413 1,784 2,196 3,017 0,004 3,021 3,017 0,004 3,021 1,744 0,014 1,758 

Macro 1,316 3,141 4,457 3,017 0,004 3,021 0,929 0,032 0,961 1,744 0,014 1,758 

Merger Arbitrage 2,489 0,065 2,554 0,005 0,129 0,133 0,005 0,129 0,133 0,475 0,293 0,769 

Relative Value Arbitrage 6,582 3,432 10,014 0,929 0,032 0,961 1,744 0,014 1,758 0,929 0,032 0,961 

Global Index 4,767 2,706 7,473 3,017 0,004 3,021 0,119 0,089 0,208 0,413 0,057 0,469 

 
 

 1%
14

 

 Standard Deviation GARCH TGARCH EGARCH 

            

 LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc   LRuc LRind  LRcc  

 

            

Convertible Arbitrage 1,544 0,129 1,673 0,041 0,032 0,073 0,047 0,014 0,061 0,047 0,014 0,061 

Distressed Securities 0,047 0,014 0,061 0,041 2,356 2,397 0,047 0,014 0,061 0,041 2,356 2,397 

Event Driven 0,334 0,057 0,391 0,047 0,014 0,061 0,511 0,004 0,514 0,047 0,014 0,061 

Equity Hedge 3,359 2,426 5,784 0,511 0,004 0,514 0,511 0,004 0,514 - - - 

Equity Market Neutral 0,511 0,004 0,514 - - - - - - - - - 

Macro 0,334 1,784 2,118 - - - - - - - - - 

Merger Arbitrage 0,334 0,057 0,391 - - - - - - 0,511 0,004 0,514 

Relative Value Arbitrage 0,047 0,014 0,061 - - - - - - - - - 

Global Index 2,387 0,801 3,189 0,511 0,004 0,514 0,511 0,004 0,514 0,511 0,004 0,514 

 
 

                                                
13 GARCH, TGARCH and EGARCH parameters are estimated under the assumption that residuals follow the 

normal law 

 
14 No VaR violations,  the statistics cannot be computed  
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Appendix L: Hedge Fund Historical Returns and VaR Forecasts (normal quantile, 1% 

confidence level) 
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Appendix M: Hedge Fund Historical Returns and VaR Forecasts (student quantile, 1% 

confidence level) 
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Appendix N: Hedge Fund Historical Returns and VaR Forecasts (cornish fisher 

quantile, 1% confidence level) 
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1. Introduction 

The Modigliani and Miller (1958) irrelevance proposition suggests that in perfect 

capital markets hedging does not increase firm value since shareholders can undo any 

hedging activities implemented by the firm.  Recent theories, however, argue that when 

capital markets are imperfect, hedging can increase a firm’s value by influencing its 

expected taxes, expected financial distress costs and investment decisions.1  More 

recently, researchers have examined the effect of hedging with derivatives on firm value.  

For example, Allayannis and Weston (2001) find that in a broad sample of firms, the 

value of firms that hedge foreign currency risk is, on average, 4.87% higher than non-

hedgers and Carter, Rogers and Simkins (2006) find that fuel hedging increases firm 

value by 5%-10% for a sample of U.S. airlines. 

Guay and Kothari (2003), however, challenge the hypothesis that hedging with 

derivatives is associated with an increase in firm value.  They find that potential gains on 

hedging portfolios are economically small and are unlikely to generate large changes in 

firm value.  Guay and Kothari (2003) suggest that the increase in firm value documented 

in Allayannis and Weston (2001) is either driven by other risk management activities, 

such as operational hedges, that are correlated with derivatives use, or that the results are 

spurious.  Consistent with this, Jin and Jorion (2006) find no relation between hedging 

and firm value for a sample of oil and gas producers. 

Jin and Jorion (2006) argue that the positive relation between hedging and firm value 

documented in previous studies could be due to endogeneity.  One possible source of 

                                                 

1 For example, in Smith and Stulz (1985), hedging can increase firm value by reducing expected taxes or 
financial distress costs.  In Froot, Scharfstein and Stein (1993), hedging can reduce underinvestment costs 
when cash flow is volatile and external finance is costly. 
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 2 

endogeneity is reverse causality.  That is, the positive relation between hedging and firm 

value documented in previous studies may be because higher firm value creates an 

incentive to hedge rather than hedging causing higher firm value.  Another possible 

source of endogeneity is unobserved heterogeneity, which arises when time invariant 

unobservable firm specific factors affect both hedging and firm value.  Allayannis and 

Weston (2001) and Carter, Rogers and Simkins (2006) use firm fixed effects to control 

for unobserved heterogeneity.  However, the use of firm fixed effects requires that 

hedging is strictly exogenous, which ignores the possibility of feedback from past 

amounts of firm value to the current amount of hedging.  If firms adjust the amount of 

their hedging in reaction to past amounts of firm value, then hedging is not strictly 

exogenous, and the estimated effect of hedging on firm value can be biased and 

inconsistent. 

To control for these endogeneity problems, I estimate the effect of hedging on firm 

value in a dynamic framework, using the system generalized method of moments (GMM) 

estimator developed by Arellano and Bover (1995) and Blundell and Bond (1998).  The 

dynamic framework captures persistence in firm value by including lagged firm value as 

an explanatory variable, while the system GMM estimator uses a first-difference 

transformation to control for unobserved firm heterogeneity and uses lagged values of 

firm value and foreign currency hedging as instrumental variables to control for failure of 

the strict exogeneity assumption. 

I estimate the effect of foreign currency hedging on firm value for a sample of 408 

large U.S. nonfinancial firms with foreign sales from operations abroad over the period 

1996 to 2000.  To facilitate comparison to previous studies, I initially assume that foreign 
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 3 

currency hedging is strictly exogenous.  I find a strong positive relation between foreign 

currency hedging and firm value when using lagged firm value as the only control 

variable, consistent with the univariate results of Allayannis and Weston (2001).  

However, this relation is much weaker when I control for other factors that affect firm 

value.  My results suggest foreign currency hedging increases firm value by 6.33% when 

foreign currency hedging is assumed to be strictly exogenous.  However, I find that 

foreign currency hedging is positively related to past amounts of firm value and is 

therefore not strictly exogenous.  After controlling for the dependence of foreign currency 

hedging on past amounts of firm value, I no longer find that foreign currency hedging 

affects firm value.  This result holds for firms with greater foreign currency exposure.  I 

find weak evidence that foreign currency hedging is associated with a higher firm value 

for firms with a greater probability of financial distress. 

The main contribution of this paper is to show that foreign currency hedging is not 

strictly exogenous and after controlling for the failure of the strict exogeneity assumption, 

foreign currency hedging has no affect on firm value.  This paper is also the first to 

examine the effect of hedging in a dynamic framework, which is appropriate when firm 

value is serially correlated.   

The remainder of this paper is organised as follows.  Section 2 reviews prior research 

on hedging and firm value.  Section 3 describes the empirical method.  Section 4 

describes the data and the variables used in the empirical analysis.  Section 5 presents the 

results on the relation between foreign currency hedging and firm value.  Section 6 

concludes. 
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2. Prior research 

Theories of hedging based on capital market imperfections, suggest hedging can 

increase firm value.  For example, Smith and Stulz (1985) argue that if a firm’s tax 

function is convex, hedging can reduce its expected tax liability by reducing the volatility 

of its taxable income.  Smith and Stulz (1985) also argue that if financial distress is 

costly, hedging increases firm value by reducing the probability of financial distress, and 

hence the expected costs of financial distress.  Froot, Scharfstein and Stein (1993) argue 

that with volatile cash flows and costly external finance, hedging can mitigate 

underinvestment by ensuring a firm has sufficient internal funds to finance valuable 

investment opportunities.  Leland (1998) argues that hedging can increase a firm’s debt 

capacity, and therefore increases firm value due to the tax deductibility of interest 

payments. 

A large body of empirical studies on this topic investigate which theory explains 

firms’ actual hedging activities.  For example, Graham and Rogers (2002) find that tax 

function convexity does not influence a firm’s hedging activities, but hedging leads to 

greater debt capacity.  Haushalter (2000) and Graham and Rogers (2002) find a positive 

relation between hedging and leverage, consistent with the view that greater expected 

financial distress costs cause greater hedging.  Finally, Nance, Smith and Smithson 

(1993) and Geczy, Minton and Schrand (1997) find a positive relation between hedging 

and investment opportunities, consistent with the view that hedging mitigates the 

underinvestment problem. 

The empirical evidence on the effect of hedging on firm value is mixed.  Allayannis 

and Weston (2001) conclude that in a sample of large U.S. multinationals, the value of 
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firms that hedge foreign currency risk is, on average, 4.87% higher than non hedgers.  

Carter, Rogers and Simkins (2006) find that fuel hedging increases firm value by 5%-

10% for a sample of U.S. airlines.  Mackay and Moeller (2007) find that hedging concave 

revenues and leaving concave costs exposed increases firm value by 2%-3% for a sample 

of U.S. oil refiners.  However, Guay and Kothari (2003) find that the potential gains on 

hedging portfolios are small when compared to cash flows and firm size and are unlikely 

to generate large changes in firm value.  Jin and Jorion (2006) also find that hedging does 

not affect firm value for a sample of U.S. oil and gas producers. 

To estimate the effect of hedging on firm value, researchers typically use pooled 

ordinary least squares and firm fixed effects.  However, a consistent estimate of the effect 

of hedging on firm value using either pooled ordinary least squares or firm fixed effects 

requires that hedging is strictly exogenous.  Strict exogeneity rules out the possibility of 

feedback from past amounts of firm value to the current amount of hedging.  That is, 

under the strict exogeneity assumption, hedging affects firm value but firm value does not 

affect hedging.  A weaker exogeneity assumption is that hedging is sequentially 

exogenous (or predetermined) in the sense that past amounts of firm value affect the 

current amount of hedging.  The sequential exogeneity assumption appears reasonable 

given that both theoretical models and prior empirical studies suggest that firm value 

affects hedging.  For example, if firms with higher valuations have many valuable 

investment opportunities, then these firms may have greater incentives to hedge (Froot, 

Scharfstein and Stein (1993)).  Consistent with this prediction, Nance, Smith and 

Smithson (1993), Geczy, Minton and Schrand (1997), and Gay and Nam (1998) find that 

investment opportunities are a determinant of hedging.  Given that the estimated increase 
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in firm value documented in previous studies could be biased and inconsistent if hedging 

is not strictly exogenous, it is important to re-examine the question of whether hedging 

affects firm value after controlling for the possibility of feedback from past amounts of 

firm value to the current amount of hedging.  This paper addresses this issue. 

3. Empirical Method 

I estimate the causal effect of foreign currency hedging on firm value using a dynamic 

GMM panel estimator.  This estimator was introduced by Holtz-Eakin, Newey and Rosen 

(1988) and Arellano and Bond (1991) and further developed by Arellano and Bover 

(1995) and Blundell and Bond (1998).  The econometric model to be estimated is 

 

 , 1 for 1, , and 2, , ,it i t it it i ity y w c u i N t Tα γ−
′= + + + + = =x … …ββββ  (1) 

 

where ity  is firm value for firm i in period t.  The lagged value of this variable is included 

as an explanatory variable to capture persistence in firm value.  This results in the entire 

history of the explanatory variables itw  and itx  being included in equation (1) so that the 

causal effect of the explanatory variables is conditioned on this history.  The main 

variable of interest is ,itw  the amount of foreign currency hedging for firm i in period t.  

The coefficient γ  therefore measures the short-run effect of foreign currency hedging on 

firm value given , 1,i ty −  with the long-run effect given by ( )1 .γ α−   The vector itx  

includes control variables, which are discussed in Section 4.3.2 below, and year dummies 

that capture common shocks to firm value of all firms.  The unobserved effect ic  contains 

firm specific time invariant unobserved factors, such as managerial quality and 
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managerial risk preferences, that may affect both foreign currency hedging and firm 

value.  Finally, itu  is an error term, capturing all other omitted factors.  

The GMM estimation procedure includes two important steps.  The first step 

eliminates the unobserved firm specific time invariant effect ic  by first-differencing 

equation (1), resulting in  

 

 , 1 for 1, , and 3, , ,it i t it it ity y w u i N t Tα γ−
′∆ = ∆ + ∆ + ∆ + ∆ = =x … …ββββ  (2) 

 

where , 1,it it i ty y y −∆ = −  , 1 , 1 , 2 ,i t i t i ty y y− − −∆ = −  , 1,it it i t−
′ ′ ′∆ = −x x x  and , 1.it it i tu u u −∆ = −   

Estimation of equation (2) by ordinary least squares, however, results in inconsistent 

estimates because , 1i ty −  is correlated with , 1,i tu −  and hence the explanatory variable , 1i ty −∆  

is correlated with the error term .itu∆   The second step addresses this endogeneity 

problem by using lags of ity  dated 2T −  and longer as instrumental variables for , 1,i ty −∆  

resulting in the following moment conditions: 

 

 ( ), 0 for 3 , and 2.i t s itE y u t T s− ∆ = = ≥…  (3) 

 

For example, 1iy  can be used as an instrument in the first-differenced equation at period 

3,t =  both 1iy  and 2iy  can be used in the first-differenced equation at period 4,t =  and 

the vector ( )1 2 , 2, ,i i i Ty y y −…  can be used in the first-differenced equation for period .t T=    

Additional moment conditions can also be used, depending on the exogeneity 

assumptions of the explanatory variables itw  and .itx   For example, if ( ),it it itw≡z x  is 
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strictly exogenous in the sense that the explanatory variables are uncorrelated with all 

past, present and future realisations of the error term ,itu  then the complete time series 

( )1 2, ,i i iTz z z…  can be used as instruments in each of the first-differenced equations.  

Assuming itz  is strictly exogenous results in the following additional moment conditions 

for the first-differenced equations: 

 

 ( ) 0 for 3 , and 1, , .is itE u t T s T∆ = = =z … …  (4) 

 

There are several econometric weaknesses with the first-differenced GMM estimator.  

First, Arellano and Bover (1995) argue that variables in levels may be poor instruments 

for first-differenced variables.  In particular, if the time series ity  is highly persistent, 

Blundell and Bond (1998) find that lagged levels of the series are only weakly correlated 

with subsequent first-differences, so that the instruments for the first-differenced 

equations are weak.  Using Monte Carlo experiments, Blundell and Bond (1998) show 

that the first-differenced GMM estimator has large finite sample bias and poor precision 

when the instruments are weak.  Second, the coefficients on time invariant explanatory 

variables are not identified because the first-differencing transformation eliminates these 

variables from the model.  Furthermore, it may also be difficult to identify a causal effect 

if the explanatory variable of interest varies little over time for a given firm. 

To address these problems I use the system GMM estimator developed by Arellano 

and Bover (1995) and Blundell and Bond (1998).  The system GMM estimator combines 

the first-differenced equation in (2) with the levels equation in (1) and uses lagged levels 

as instruments for the first-differenced equations and lagged first-differences as 
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instruments for the levels equations.  Blundell and Bond (1998) show that the system 

GMM estimator has smaller finite sample bias and greater precision than the first-

differenced GMM estimator when the explanatory variables are persistence.  An 

additional advantage of the system GMM estimator is that it is now possible to identify 

the coefficients on time invariant explanatory variables or explanatory variables that vary 

little over time for a given firm.  This is important because the main variable of interest in 

this paper, the amount of foreign currency hedging, has a within firm standard deviation 

of only 3% and hence varies little over time for a given firm.  Consequently, estimating 

equation (1) with only the first-differenced equations is unlikely to identify an association 

between foreign currency hedging and firm value because the cross sectional variation is 

not exploited. 

The equations in levels, however, still contain the unobserved firm specific time 

invariant effect .ic   Appropriate instruments must now be used to control for the 

unobserved firm specific time invariant effect.  The system GMM estimator uses first-

differences of the explanatory variables as instruments for the levels equations.  These 

instruments are valid under the assumption that the correlation between the levels of the 

explanatory variables and the unobserved firm specific time invariant effect is constant 

over time.  Under this assumption, the first-differences of the explanatory variables are 

uncorrelated with the unobserved firm specific time invariant effect.  Assuming itz  is 

strictly exogenous results in the following moment conditions for the levels equations: 

 

 ( )( ), 1 0 for 3 , ,i t i itE y c u t T−∆ + = = …  (5) 
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and 

 

 ( )( ) 0 for 2 , .it i itE c u t T∆ + = =z …  (6) 

 

The consistency of the system GMM estimator depends on the validity of the 

instruments and the absence of serial correlation in the error terms .itu   To address these 

concerns I use two specifications tests suggested by Arellano and Bond (1991).  The 

validity of the instruments can be tested using Hansen’s (1982) test of overidentifying 

restrictions.   This test produces a J statistic which has an asymptotic 2χ  distribution 

under the null hypothesis that the instruments are valid.   The assumption that there is no 

serial correlation in the error terms itu  can be tested by testing for serial correlation in the 

first-differenced residuals.  If the error terms, ,itu  are not serially correlated, the first-

differenced residuals should exhibit negative first-order serial correlation but no second-

order serial correlation.  Failure to reject the null hypothesis of both specification tests 

gives to support to my dynamic panel model. 

Thus far, I have assumed that ,itw  the amount of foreign currency hedging, is strictly 

exogenous in the sense that itw  is uncorrelated with all past, present and future 

realisations of the error term .itu   Strict exogeneity rules out the possibility of feedback 

from past amounts of firm value to the current amount of foreign currency hedging.  

Failure of the strict exogeneity assumption can result in a biased and inconsistent estimate 

of the effect of foreign currency hedging on firm value.  Wooldridge (2002) presents the 

following regression based test for strict exogeneity using first-differences: 
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 for 1, , and 2, , .it it it it ity w w u i N t Tδ γ ′∆ = + ∆ + ∆ + ∆ = =x … …ββββ  (7) 

 

Under the null hypothesis of strict exogeneity, 0.δ =   If 0,δ ≠  then past amounts of firm 

value affect the current amount of foreign currency hedging and a weaker sequential 

exogeneity assumption can be used to generate a consistent estimate of the effect of 

foreign currency hedging on firm value.  Under sequential exogeneity, itu  is uncorrelated 

with current and past values of itw  but may be correlated with future values of .itw   If itw  

is sequentially exogenous, moment condition (6) is still valid for the levels equations, and 

lags of itw  dated 1T −  and longer can be used as instruments for itw∆  in the first-

differenced equations.  This results in the following additional moment conditions for the 

first-differenced equations: 

 

 ( ), 0 for 3 , and 1.i t s itE w u t T s− ∆ = = ≥…  (8) 

 

4. Data 

4.1. Sample 

I construct a sample of 408 large U.S. nonfinancial firms over the period 1996 to 2000, 

based on the screening criteria in Allayannis and Weston (2001).  The sample consists of 

nonfinancial firms listed in COMPUSTAT’s Industrial Annual Files with total assets of 

more than $500 million in each fiscal year between 1996 and 2000.  I retain observations 

that meet the following criteria: the firm has no missing data on sales and market value; 

the firm is not financial (SIC codes 6000-6900); the firm is not a regulated utility (SIC 

codes 4900-4999); the firm’s 10-K reports are available from EDGAR; and the firm 
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discloses the notional value of its foreign currency derivative holdings, if any.  I further 

restrict the sample to those firms that face ex-ante foreign currency exposure.  This is 

important because it allows me to interpret the absence of foreign currency derivatives as 

a decision not to hedge rather than a lack of foreign currency exposure.  I follow 

Allayannis and Ofek (2001) and Allayannis and Weston (2001), and define firms to have 

ex-ante foreign currency exposure if they disclose foreign sales from operations abroad in 

the COMPUSTAT Geographic Segment files in the fiscal year of derivative usage.  One 

concern with selecting firms based on their foreign sales from operations abroad is that a 

firm might not face ex-ante foreign currency exposure due to its foreign sales being 

denominated in U.S. dollars.  I therefore exclude from the sample, firms that state in their 

10-K report that they do not have any foreign currency exposure because the majority of 

their foreign sales are denominated in U.S. dollars.  The final sample consists of 408 

firms from 1996 to 2000, or 1,893 firm year observations, with 347 firms present in all 5 

years. 

During the sample period, Statement of Financial Accounting Standard (SFAS) 119 

required firms to disclose the notional value, nature and terms of their derivative 

contracts.  SFAS 119 also required firms to disclose whether they use derivatives for 

trading or nontrading purposes.  I only examine foreign currency derivatives held for 

nontrading purposes.  The Financial Accounting Standards Board issued SFAS 133 in 

June 1998 to supersede SFAS 119.  SFAS 133, which is effective for fiscal years 

beginning July 15, 2000, requires firms to disclose the fair market value of their 

derivative contracts, but does not require the disclosure of notional values.  Consequently, 
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the last year of my sample is 2000 because the data are not sufficiently detailed after that 

time. 

4.2. Dependent variable 

Following Allayannis and Weston (2001), I use Tobin’s Q as the proxy for firm value.  

I use the market to book ratio as an approximation of Tobin’s Q, which is calculated as 

the book value of assets minus the book value of common equity plus the market value of 

common equity, all divided by the book value of assets.2  While it is possible to calculate 

more complicated measures of Tobin’s Q, the market to book ratio is commonly used as a 

proxy for Tobin’s Q in the empirical corporate finance literature.3 Furthermore, 

Allayannis and Weston (2001) find a high degree of correlation between the market to 

book ratio and more complicated measures of Tobin’s Q.  Table 1 presents 

autocorrelation coefficients of Tobin’s Q for each of the years 1996 to 2000.  The time 

series of Tobin’s Q is highly persistent with the first-order autocorrelation coefficients 

ranging from a minimum of 0.792 to a maximum of 0.881.  This suggests that a dynamic 

panel estimator should be used to capture the persistence in Tobin’s Q.  

4.3. Explanatory variables 

4.3.1. Foreign currency hedging 

Following previous research, I assume that firms conduct their hedging through the 

use of derivatives.  Consequently, this study investigates the effect of hedging with 

                                                 

2 I also use industry adjusted Tobin’s Q as a proxy for firm value and obtain similar results. 
3 See for example Allayannis and Weston (2001), Coles, Daniel and Naveen (2008), Jin and Jorion 

(2006), Mackay and Moeller (2007), Palia (2001), Porta, Lopez-de-Silanes, Shleifer and Vishny (2002), 
Shin and Stulz (1998), and Villalonga and Amit (2006). 
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foreign currency derivatives on firm value beyond any hedging firms can achieve with 

operating and financing decisions.  I obtain data on each firm’s foreign currency 

derivative holdings from 10-K filings available from EDGAR.  I search each 10-K filing 

for text strings such as “derivative”, “financial instrument”, “forward”, “hedg”, and 

“market risk”.  If a reference is made to any of these key words, I read the surrounding 

text to obtain data on the year end total notional value of foreign currency forward, and 

option contracts.  Following Allayannis and Ofek (2001), these values do not include 

currency swaps because these financial instruments are mainly used by firms to either 

convert foreign debt into domestic debt or to convert domestic debt into foreign debt.   

I use a continuous variable to measure foreign currency hedging.  The continuous 

variable is measured by the fiscal year end total notional value of foreign currency 

forward and option contracts scaled by the book value of total assets for foreign currency 

derivative users, or zero for nonusers.4  Several studies employ a binary variable, 

indicating the use of derivatives.5  However, unlike the continuous variable, this variable 

does not capture the amount of foreign currency hedging and hence cannot distinguish 

between those firms that fully hedge and those that partly hedge.6 

4.3.2. Control variables 

I include the following control variables, as used in Allayannis and Weston (2001): 

                                                 

4 Total notional values have been used in Berkman and Bradbury (1996), Gay and Nam (1998), Howton 
and Perfect (1998), Allayannis and Ofek (2001), and Knopf, Nam and Thornton (2002). 

5 See for example, Nance, Smith and Smithson (1993), Mian (1996), Geczy, Minton and Schrand (1997), 
Haushalter (2000), Allayannis and Ofek (2001), and Allayannis and Weston (2001). 

6 I also use the binary variable in the subsequent analysis.  The variable choice does not materially affect 
the conclusions with respect to the effect of foreign currency hedging on firm value. 
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1)  Firm Size: The literature has found that firm size is positively related to both the 

decision to hedge and the amount of hedging.7  Allayannis and Weston (2001) also find 

that firm size is negatively related to Tobin’s Q.  I use the natural logarithm of total assets 

to control for the possibility that Tobin’s Q and foreign currency hedging are related 

through the size of the firm.     

2)  Profitability: Profitable firms are likely to have higher Tobin’s Q ratios than less 

profitable firms.  If hedgers are more profitable, they are likely to have higher Tobin’s Q 

ratios.  I control for profitability with return on assets, defined as the ratio of net income 

to the book value of total assets.  I expect a positive coefficient on this variable.   

3)  Access to financial markets: If hedgers have limited access to financial markets, 

their Tobin’s Q ratios may be high because they only invest in those projects with the 

highest net present value.  To proxy for the ability to access financial markets, I use a 

dummy variable which equals one if the firm paid dividends on common equity during 

the fiscal year, and zero otherwise.  If a firm paid a dividend, it is less likely to be 

financial constrained and may therefore have a lower Tobin’s Q.  I expect a negative 

coefficient on this variable. 

4)  Leverage: A firm’s capital structure also may be related to its value.  For example, 

the trade off theory predicts that leverage increases firm value owing to the tax benefits of 

debt.  Greater leverage can also act as a positive signal of managerial quality (Ross 

(1977)), suggesting a positive relation between leverage and firm value.  On the other 

hand, several studies find a negative relation between leverage and investment 

opportunities owing to the agency costs of debt (e.g., Rajan and Zingales (1995) and 

                                                 

7 See Geczy, Minton and Schrand (1997), Haushalter (2000), Allayannis and Ofek (2001), and Graham 
and Rogers (2002) for empirical evidence regarding the relationship between firm size and derivatives use. 
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Faulkender and Petersen (2006)).  Since Tobin’s Q can also act as a proxy for investment 

opportunities, the findings in these studies suggest a negative relation between leverage 

and firm value.  I control for differences in capital structure by using the ratio of total 

debt to the book value of total assets as a proxy for leverage, where total debt is defined 

as the sum of short-term debt and long-term debt.  

5)  Investment opportunities: Myers (1977) suggests that firm value also depends on 

future investment opportunities.  Since Geczy, Minton and Schrand (1997) and 

Allayannis and Ofek (2001) find that hedgers are more likely to have larger investment 

opportunities, it is important to control for investment opportunities.  I measure 

investment opportunities with the ratio of capital expenditures to total sales, the ratio of 

research and development expenditures to total sales and the ratio of advertising 

expenditures to total sales.  I expect a positive coefficient on these variables. 

6) Industrial diversification: Empirical evidence suggests that industrial diversification 

is negatively related to firm value (e.g., Lang and Stulz (1994) and Berger and Ofek 

(1995), and Servaes (1996)).  I control for the effect of industrial diversification on firm 

value by using a dummy variable equal to one if the firm operates in more than one 

business segment, and zero otherwise.  I expect a negative coefficient on this variable. 

7) Geographic diversification: I use the ratio of foreign sales to total sales to control 

for geographic diversification.  Previous empirical evidence on the effect of geographic 

diversification on firm value is ambiguous.8  However, it is important to control for 

geographic diversification because firms with a higher percentage of foreign sales are 

                                                 

8 For example Morck and Yeung (1991) and Bodnar, Tang and Weintrop (1999) find a positive relation 
between geographic diversification and firm value while Christophe (1997) and Denis, Denis and Yost 
(2002) find a negative relation between geographic diversification and firm value. 
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more likely to hedge (see Geczy, Minton and Schrand (1997) and, Allayannis and Ofek 

(2001)). 

8) Credit rating:  The credit quality of a firm, as reflected in its credit rating, may also 

affect firm value.  I control for credit quality by constructing seven dummy variables that 

specify the credit rating of the firm.9 

4.4. Summary Statistics 

Table 2 presents summary statistics on firm characteristics and the variables used in 

the analysis.  The sample includes 1,893 firm year observations with a mean (median) 

value of assets of $8,583 ($2,468) million and a mean (median) value of sales of $7,455 

($2,403) million.  The mean (median) foreign sales to total sales ratio is 33.4% (32.1%).  

The mean (median) total notional value of foreign currency derivatives, as a percentage 

of total assets, is 4.9% (1.7%).  The mean (median) Tobin’s Q is 2.296 (1.833), 

suggesting that the average firm is profitable with valuable investment opportunities.  For 

the average (median) firm, the debt to assets ratio is 26.3% (25.1%), the capex to sales 

ratio is 8.0% (5.2%), the R&D to sales ratio is 3.6% (1.3%), and the advertising to sales 

ratio is 1.2% (0.0%).  Finally, 69.8% of the sample firms pay a dividend on common 

equity during the sample period and 70.2% of the sample firms operate in more than one 

business segment. 

Table 3 presents correlation coefficients for the variables used in the analysis.  Foreign 

currency hedging has a positive association with Tobin’s Q.  Additionally, both firm size 

and the ratio of foreign sales to total sales have a positive association with Tobin’s Q and 

                                                 

9 I follow Allayannis and Weston (2001) and use one dummy for AAA firms, one for AA+ to AA-, one 
for A+ to A-, one for BBB+ to BBB-, one for BB+ to BB-, one for B+ to B-, and one for CCC+ and below. 
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foreign currency hedging, which highlights the importance of including these variables as 

controls in the multivariate analysis. 

5. Results 

In this section, I test the hypothesis that foreign currency hedging increases Tobin’s Q, 

a proxy for firm value.  I begin the analysis by estimating the effect of foreign currency 

hedging on Tobin’s Q, assuming that foreign currency hedging is strictly exogenous.  

Next, I test whether foreign currency hedging is strictly exogenous and then re-estimate 

the effect of foreign currency hedging on Tobin’s Q after controlling for the dependence 

of foreign currency hedging on past amounts of Tobin’s Q.  Finally, I discuss the 

robustness of the results. 

5.1. The effect of foreign currency hedging on Tobin’s Q assuming foreign currency 

hedging is strictly exogenous 

To facilitate comparison to previous studies, I estimate the regression model in 

equation (1) assuming foreign currency hedging is strictly exogenous.  Table 4 reports 

results for a one-step system GMM estimator, with asymptotic standard errors that are 

adjusted for heteroskedasticity (White (1980)) and within firm correlation.10  Regression 

1 in Table 4 reports the results of the effect of foreign currency hedging on Tobin’s Q 

with lagged Tobin’s Q as the only control variable.  The coefficient on foreign currency 

hedging is positive and significant at the 1% level, which is consistent with the univariate 

results of Allayannis and Weston (2001).  In regression 2 of Table 4, I include the control 

                                                 

10 Although a more efficient two-step system GMM estimator is available, Blundell and Bond (1998) 
find that inference based on the one-step estimator can be more reliable than the two-step estimator, even in 
moderately large samples.  The one-step system GMM estimator has recently been used in Cheung and Wei 
(2006). 
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variables discussed in Section 4.3.2.  The coefficient on foreign currency hedging is still 

positive but it is only weakly related to Tobin’s Q, with a p-value of 0.080.  The 

estimated long-run effect of foreign currency hedging on Tobin’s Q is 1.939,11 suggesting 

that a change from no foreign currency hedging to the average amount of foreign 

currency hedging (for hedging firms) of 7.5% is associated with an in increase in firm 

value of 6.33%.12 

Several control variables are statistically significant.  For example, consistent with 

previous studies,13 I find that Tobin’s Q is positively related to profitability, research and 

development expenditure, and advertising expenditure.  I also find a negative relation 

between Tobin’s Q and leverage, which is consistent with the findings in Demsetz and 

Villalonga (2001) and Anderson and Reeb (2003). 

Table 4 also reports tests for the absence of first-order and second-order serial 

correlation in the first-differenced residuals in addition to Hansen’s (1982) test of 

overidentifying restrictions (J statistic), which tests the validity of the instruments.  As 

expected, I reject the null hypothesis of no first-order serial correlation in the first-

differenced residuals.  However, I cannot reject the null hypothesis no second-order serial 

correlation in the first-differenced residuals at the 10% level for regression 1 and at the 

5% level for regression 2 (the p-values are 0.103 and 0.074, respectively).  Furthermore, 

the Hansen (1982) test for overidentifying restrictions shows that the null hypothesis of 

valid instruments is not rejected (the p-values for the J statistics of regressions 1 and 2 are 

                                                 

11 The long-run effect is calculated as: foreign currency coefficient / (1 – lagged Tobin’s Q coefficient) = 

0.634 /(1 0.673) 1.939.− =  
12 This is calculated as: long-run effect / average Tobin’s Q ×  average amount of hedging for hedging 

firms = 1.939/2.296 7.5%=6.33%.×  
13 See for example Lang and Stulz (1994), Palia (2001), Denis, Denis and Yost (2002), and Anderson 

and Reeb (2003). 
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0.179 and 0.110 respectively).14  Overall, the results from these tests support the dynamic 

panel specification. 

5.2. Testing strict exogeneity 

Table 5 reports the results of the regression based test of strict exogeneity in equation 

(7).  Under the null hypothesis that foreign currency hedging is strictly exogenous, the 

coefficient on the level of foreign currency hedging in the first-differenced regression 

should be zero.  Regression 1 reports the results with no control variables, while 

regression 2 includes control variables.  The coefficients on the level of foreign currency 

hedging in regressions 1 and 2 are both positive with p-values of 0.024 and 0.016 

respectively.  I therefore reject the null hypothesis that foreign currency hedging is 

strictly exogenous and conclude that foreign currency hedging is related to past amounts 

of Tobin’s Q.   

5.3. The effect of foreign currency hedging on Tobin’s Q assuming foreign currency 

hedging is sequentially exogenous 

Since I reject the hypothesis that foreign currency hedging is strictly exogenous, I now 

investigate the effect of foreign currency hedging on Tobin’s Q under the sequentially 

exogenous assumption.  Table 6 reports results for a one-step system GMM estimator, 

with asymptotic standard errors that are adjusted for heteroskedasticity (White (1980)) 

and within firm correlation.  Regression 1 in Table 6 reports the results of the effect of 

foreign currency hedging on Tobin’s Q with lagged Tobin’s Q as the only control 

                                                 

14 Although there is weak evidence of second-order serial correlation in the first-differenced residuals of 
regression 2, the Hansen (1982) test for overidentifying restrictions shows that the null hypothesis of valid 
instruments is not rejected. 
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variable while regression 2 in Table 6 includes the full set of control variables.  Although 

the coefficients on the foreign currency hedging variables in the regressions are positive, 

they are statistically insignificant.  These results highlight the importance of controlling 

for the failure of the assumption that foreign currency hedging is strictly exogenous.  The 

most striking example is in the regression with lagged Tobin’s Q as the only control 

variable.  When foreign currency hedging is assumed to be strictly exogenous, its 

coefficient is positive and significant at the 1% level.  However, when foreign currency 

hedging is assumed to be sequentially exogenous, the coefficient is positive but is no 

longer statistically significant.   

Table 6 also reports several specification tests.  First, the test for no second-order 

serial correlation in the first-differenced residual is not rejected at the 10% level for 

regression 1 and at the 5% level for regression 2 (the p-values are 0.103 and 0.074, 

respectively).  Second, the p-values for the Hansen (1982) test for overidentifying 

restrictions show that the null hypothesis of valid instruments is not rejected (the p-values 

for regressions 1 and 2 are 0.366 and 0.255 respectively).  Finally, I also report the results 

for difference in Hansen tests.  The difference in Hansen test examines the validity of the 

assumption that foreign currency hedging is sequentially exogenous.  It compares the J 

statistic under the weaker assumption of sequential exogeneity to the J statistic under the 

stronger strict exogeneity assumption.  Under the null hypothesis, foreign currency 

hedging is sequentially exogenous while it is strictly exogenous under the alternative.  

The p-values for the difference in Hansen test show that I cannot reject the null 

hypothesis that foreign currency hedging is sequentially exogenous.  Consequently, the 
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difference in Hansen test provides additional evidence against the assumption that foreign 

currency hedging is strictly exogenous. 

I also examine the strength of the instruments used for foreign currency hedging in the 

first-differenced and levels equations by running reduced form regressions.15  For the 

first-differenced equation, the first and second lags of the level of foreign currency 

hedging are strong instruments, while the third and fourth lags are potentially weak.  For 

the levels equations, the first-difference of foreign currency hedging is strongly related to 

the level of foreign currency hedging.  To gauge the impact of the potentially weak 

instruments on the previous results, I re-estimate the system GMM model with only the 

first and second lags foreign currency hedging as instruments and find that the overall 

outcome is consistent with my previous results.  I also strengthen the instrument set with 

external instruments.  The system GMM estimates in regression 2 of Table 6 suggests 

that firm size and foreign sales can be omitted from the model specification.  This 

suggests that I may be able to strengthen the instrument set by including firm size and 

foreign sales as external instruments, and testing their validity.  Prior empirical research 

suggests that firm size and foreign sales should be positively related to foreign currency 

hedging (e.g., Geczy, Minton and Schrand (1997) and Allayannis and Ofek (2001)).  

Regression 3 in Table 6 reports the system GMM results using firm size and foreign sales 

as external instruments.  Although the coefficient on foreign currency hedging has 

increased, it is still statistically insignificant with a p-value of 0.327.  Additionally, the 

                                                 

15 Examining the strength of the instruments is difficult when using system GMM because of the way in 
which the instruments are created and also because the first-differenced and levels equations are estimated 
in a system. 
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increase in the p-value for the Hansen (1982) test for overidentifying restrictions 

indicates that firm size and foreign sales are valid instruments. 

5.4. Robustness 

After rejecting the hypothesis that foreign currency hedging increases firm value under 

the sequential exogeneity assumption, I explore the effect of foreign currency hedging on 

value for firms that are likely to benefit from foreign currency hedging.  For example, 

firms with greater foreign currency exposures are more likely to benefit from foreign 

currency hedging than firms with low foreign currency exposures.  In addition, Smith and 

Stulz (1985) suggest that firms with a greater probability of financial distress are also 

likely to benefit from foreign currency hedging.  I maintain the assumption that foreign 

currency hedging is sequentially exogenous and include the full set of control variables 

discussed in Section 4.3.2 throughout the subsequent analysis.16 

I examine the effect of foreign currency hedging on firm value for firms with low 

foreign sales and high foreign sales.  I define firms with a ratio of foreign sales to total 

sales less than or equal to the 50th percentile as low foreign sales firms.  Otherwise, firms 

are considered to be high foreign sales firms.  The results are presented in Panel A of 

Table 7.  I find that the effect of foreign currency hedging on firm value for firms with 

greater foreign sales is positive but insignificant (the p-value is 0.157). 

I also examine the effect of foreign currency hedging on firm value for firms with a 

low probability of financial distress and firms with a high probability of financial distress.  

My proxy for a firm’s probability of financial distress is its one year distance to default, 

which is estimated using Merton’s (1974) option pricing model.  The distance to default 

                                                 

16 My qualitative results are similar when assuming that foreign currency hedging is strictly exogenous.  
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measures the difference between the asset value of a firm and the face value of its debt, 

scaled by the standard deviation of the firm’s asset value.  A lower distance to default is 

associated with a greater probability of financial distress.  I define firms with a distance 

to default less than or equal to the 50th percentile as low distance to default firms.  

Otherwise, firms are considered to be high distance to default firms.  The results are 

presented in Panel B of Table 7.  The coefficient on foreign currency hedging is positive 

but it is only weakly related to Tobin’s Q for low distance to default firms (the p-value is 

0.099), indicating that foreign currency hedging weakly affects firm value for firms with 

a higher probability of financial distress. 

6. Conclusion 

I re-examine the effect of hedging on firm value for a sample 408 large nonfinancial 

U.S. firms that are exposed to foreign currency risk over the period 1996 to 2000 using a 

dynamic panel estimator.  Much of the empirical literature that has examined the effect of 

hedging on firm value implicitly assumes that hedging is strictly exogenous, which rules 

out the possibility of feedback from past amounts of firm value to the current amount of 

hedging.  In this paper, I provide evidence that foreign currency hedging is positively 

related to past amounts of firm value and therefore fails the strict exogeneity assumption.  

After controlling for the dependence of foreign currency hedging on past amounts of firm 

value, I find that foreign currency hedging has no affect on firm value.  This is contrary to 

the findings reported in Allayannis and Weston (2001). 

This paper has two implications for future research on the effect of hedging on firm 

value.  First, researchers should consider a dynamic framework when firm value is found 
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to be persistent.  Second, researchers should test the assumption that hedging is strictly 

exogenous and control for the failure of this assumption. 
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Table 1 

Serial Correlation of Tobin’s Q  
This table presents autocorrelation coefficients of Tobin’s Q.  The sample includes nonfinancial 
COMPUSTAT firms with assets greater than $500 million and foreign sales for 1996 to 2000.  All 
coefficients are statistically significant at the 1% level. 
 

 1996 1997 1998 1999 2000 

1996 1.000     
1997 0.881 1.000    
1998 0.718 0.850 1.000   
1999 0.710 0.703 0.792 1.000  
2000 0.645 0.693 0.740 0.876 1.000 
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Table 2 

Summary Statistics 
This table presents summary statistics for the variables used in the analysis.  The sample includes 
nonfinancial COMPUSTAT firms with assets greater than $500 million and foreign sales for 1996 to 2000.  
Tobin’s Q is the book value of assets minus the book value of common equity plus the market value of 
common equity, all divided by the book value of assets.  Total FX derivatives to assets is the total notional 
value of foreign currency forward and option contracts divided by the book value of total assets.  Firm size 

is the natural logarithm of the book value of total assets.  ROA is the ratio of net income to the book value 
of total assets.  Dividend dummy is a dummy variable set equal to one if the firm paid dividends on 
common equity during the fiscal year, and zero otherwise.  Debt to assets is the ratio of total debt to the 
book value of total assets.  Capex to sales is the ratio of capital expenditure to total sales.  R&D to sales is 
the ratio of research and development expenditure to total sales.  Advertising to sales is the ratio of 
advertising expenditure to total sales.  Diversification dummy is a dummy variable equal to one if the firm 
operates in more than one business segment, and zero otherwise.  Foreign sales to total sales is the ratio of 
foreign sales to total sales. 
 

Variable N Mean Median Std. Dev. Min. Max. 

Firm characteristics       

Total assets (millions) 1893 8583 2468 28390 503 437006 
Total sales (millions) 1893 7455 2403 17906 224 206083 

       

Dependent variable       

Tobin’s Q 1893 2.296 1.707 1.833 0.453 19.152 
       

Hedging variable       

Total FX derivatives to assets 1893 0.049 0.017 0.081 0.000 0.656 
       

Control variables       

Firm size 1893 8.035 7.811 1.196 6.221 12.988 
ROA 1893 0.058 0.059 0.088 -1.149 0.578 
Dividend dummy 1893 0.698 1.000 0.459 0.000 1.000 
Debt to assets 1893 0.263 0.251 0.176 0.000 1.447 

Capex to sales 1876 0.080 0.052 0.102 0.000 1.637 
R&D to sales 1893 0.036 0.013 0.056 0.000 0.513 
Advertising to sales 1893 0.012 0.000 0.036 0.000 0.352 
Diversification dummy 1893 0.702 1.000 0.457 0.000 1.000 

Foreign sales to total sales 1893 0.334 0.321 0.195 0.000 1.000 
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Table 3 

Correlation Coefficients 
This table presents correlation coefficients for the variables used in the analysis.  The sample includes nonfinancial COMPUSTAT firms with assets greater than 
$500 million and foreign sales for 1996 to 2000.  Tobin’s Q is the book value of assets minus the book value of common equity plus the market value of common 
equity, all divided by the book value of assets.  Total FX derivatives to assets is the total notional value of foreign currency forward and option contracts divided 
by the book value of total assets.  Firm size is the natural logarithm of the book value of total assets.  ROA is the ratio of net income to the book value of total 
assets.  Dividend dummy is a dummy variable set equal to one if the firm paid dividends on common equity during the fiscal year, and zero otherwise.  Debt to 

assets is the ratio of total debt to the book value of total assets.  Capex to sales is the ratio of capital expenditure to total sales.  R&D to sales is the ratio of 
research and development expenditure to total sales.  Advertising to sales is the ratio of advertising expenditure to total sales.  Diversification dummy is a dummy 
variable equal to one if the firm operates in more than one business segment, and zero otherwise.  Foreign sales to total sales is the ratio of foreign sales to total 
sales.  Coefficients with an asterisk (*) are significantly different from zero at the 1% level. 
 

 Tobin’s 
Q 

Total FX 
derivatives 
to assets 

Firm 
size 

ROA Dividend 
dummy 

Debt to 
assets 

Capex to 
sales 

R&D to 
sales 

Advertis- 
ing to 
sales 

Diversifi-
cation 
dummy 

Foreign 
sales to 
total 
sales 

Tobin’s Q 1.000           
Total FX derivatives 
to assets 0.175* 1.000          
Firm size 0.141* 0.178* 1.000         
ROA 0.425* 0.080* 0.065* 1.000        
Dividend dummy -0.114* 0.015 0.171* 0.097* 1.000       
Debt to assets -0.340* -0.104* 0.039 -0.380* 0.048 1.000      
Capex to sales -0.058 -0.078* 0.058 -0.128* -0.050 0.095* 1.000     
R&D to sales 0.411* 0.129* 0.011 0.054 -0.302* -0.263* 0.021 1.000    
Advertising to sales 0.162* 0.221* 0.074* 0.065* 0.044 0.049 -0.085* -0.013 1.000   
Diversification 
dummy -0.047 -0.026 0.149* -0.053 0.089* 0.080* 0.016 -0.069* -0.110* 1.000  
Foreign sales to total 
sales 0.078* 0.287* 0.018 0.050 -0.014 -0.042 0.085* 0.171* 0.064* -0.064* 1.000 
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 Table 4 

The Effect of Foreign Currency Hedging on Firm Value: 

Foreign Currency Hedging is Strictly Exogenous 
This table presents the results for one-step system GMM regressions of the effect of foreign currency 
hedging on firm value assuming foreign currency hedging is strictly exogenous.  The sample includes 
nonfinancial COMPUSTAT firms with assets greater than $500 million and foreign sales for 1996 to 2000.  
Tobin’s Q is the book value of assets minus the book value of common equity plus the market value of 
common equity, all divided by the book value of assets.  Total FX derivatives to assets is the total notional 
value of foreign currency forward and option contracts divided by the book value of total assets.  Firm size 

is the natural logarithm of the book value of total assets.  ROA is the ratio of net income to the book value 
of total assets.  Dividend dummy is a dummy variable set equal to one if the firm paid dividends on 
common equity during the fiscal year, and zero otherwise.  Debt to assets is the ratio of total debt to the 
book value of total assets.  Capex to sales is the ratio of capital expenditure to total sales.  R&D to sales is 
the ratio of research and development expenditure to total sales.  Advertising to sales is the ratio of 
advertising expenditure to total sales.  Diversification dummy is a dummy variable equal to one if the firm 
operates in more than one business segment, and zero otherwise.  Foreign sales to total sales is the ratio of 
foreign sales to total sales.  The regressions include year dummies and credit quality controls (regressions 2 
and 4 only), whose coefficient estimates are suppressed.  The coefficient of the intercept is also suppressed.  
In parentheses are p-values based on standard errors adjusted for heteroskedasticity and within firm 
correlation.  Variables significant at the 5% level or less are in bold. 
 

Dependent variable: Tobin’s Qt (1) (2) 

   
Tobin’s Q,t-1 0.789 0.673 

 (0.000) (0.000) 

Total FX derivatives to assetst 1.310 0.634 
 (0.002) (0.080) 
Firm sizet  0.024 
  (0.494) 
ROAt  2.368 

  (0.036) 

Dividend dummyt  -0.137 
  (0.165) 
Debt to assetst  -0.643 

  (0.003) 

Capex to salest  -0.516 
  (0.105) 
R&D to salest  3.998 

  (0.000) 

Advertising to salest  1.958 

  (0.036) 

Diversification dummyt  0.107 
  (0.090) 
Foreign sales to total salest  0.028 
  (0.835) 
   
Number of observations 1483 1469 
AR(1) test (p-value) 0.001 0.001 
AR(2) test (p-value) 0.103 0.074 
Hansen’s J statistic (p-value) 0.179 0.110 
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Table 5 

Testing Whether Foreign Currency Hedging is Strictly Exogenous 
This table presents the results of testing whether foreign currency hedging is strictly exogenous using first-
differenced regressions.  The sample includes nonfinancial COMPUSTAT firms with assets greater than 
$500 million and foreign sales for 1996 to 2000.  ∆ is the first-difference operator.  Tobin’s Q is the book 
value of assets minus the book value of common equity plus the market value of common equity, all 
divided by the book value of assets.  Total FX derivatives to assets is the total notional value of foreign 
currency forward and option contracts divided by the book value of total assets.  Firm size is the natural 
logarithm of the book value of total assets.  ROA is the ratio of net income to the book value of total assets.  
Dividend dummy is a dummy variable set equal to one if the firm paid dividends on common equity during 
the fiscal year, and zero otherwise.  Debt to assets is the ratio of total debt to the book value of total assets.  
Capex to sales is the ratio of capital expenditure to total sales.  R&D to sales is the ratio of research and 
development expenditure to total sales.  Advertising to sales is the ratio of advertising expenditure to total 
sales.  Diversification dummy is a dummy variable equal to one if the firm operates in more than one 
business segment, and zero otherwise.  Foreign sales to total sales is the ratio of foreign sales to total sales.  
The regressions include year dummies and credit quality controls (regression 2 only), whose coefficient 
estimates are suppressed.  The coefficient of the intercept is also suppressed.  In parentheses are p-values 
based on standard errors adjusted for heteroskedasticity and within firm correlation.  Variables significant 
at the 5% level or less are in bold.  The coefficient on Total FX derivatives to assetst equals zero under the 
null hypothesis of strict exogeneity. 
 

Dependent variable: ∆Tobin’s Qt (1) (2) 

   
Total FX derivatives to assetst 0.941 0.997 

 (0.024) (0.016) 

∆Total FX derivatives to assetst -1.926 -2.039 
 (0.178) (0.153) 
∆Firm sizet  -0.018 
  (0.923) 
∆ROAt  1.427 

  (0.018) 

∆Dividend dummyt  0.250 
  (0.127) 
∆Debt to assetst  -0.882 

  (0.027) 

∆Capex to salest  -0.575 
  (0.161) 
∆R&D to salest  -1.818 
  (0.207) 
∆Advertising to salest  -2.076 
  (0.547) 
∆Diversification dummyt  0.181 

  (0.027) 

∆Foreign sales to total salest  0.309 
  (0.207) 
   
Number of observations 1483 1467 
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Table 6 

The Effect of Foreign Currency Hedging on Firm Value: 

Foreign Currency Hedging is Sequentially Exogenous 
This table presents the results for one-step system GMM regressions of the effect of foreign currency 
hedging on firm value when foreign currency is sequentially exogenous.  The sample includes nonfinancial 
COMPUSTAT firms with assets greater than $500 million and foreign sales for 1996 to 2000.  Tobin’s Q is 
the book value of assets minus the book value of common equity plus the market value of common equity, 
all divided by the book value of assets.  Total FX derivatives to assets is the total notional value of foreign 
currency forward and option contracts divided by the book value of total assets.  Firm size is the natural 
logarithm of the book value of total assets.  ROA is the ratio of net income to the book value of total assets.  
Dividend dummy is a dummy variable set equal to one if the firm paid dividends on common equity during 
the fiscal year, and zero otherwise.  Debt to assets is the ratio of total debt to the book value of total assets.  
Capex to sales is the ratio of capital expenditure to total sales.  R&D to sales is the ratio of research and 
development expenditure to total sales.  Advertising to sales is the ratio of advertising expenditure to total 
sales.  Diversification dummy is a dummy variable equal to one if the firm operates in more than one 
business segment, and zero otherwise.  Foreign sales to total sales is the ratio of foreign sales to total sales.  
The regressions include year dummies and credit quality controls (regressions 2 and 4 only), whose 
coefficient estimates are suppressed.  The coefficient of the intercept is also suppressed.  In parentheses are 
p-values based on standard errors adjusted for heteroskedasticity and within firm correlation.  Variables 
significant at the 5% level or less are in bold. 
 

Dependent variable: Tobin’s Qt (1) (2) (3) 

    
Tobin’s Q,t-1 0.791 0.675 0.678 

 (0.000) (0.000) (0.000) 

Total FX derivatives to assetst 1.398 0.599 0.871 
 (0.227) (0.603) (0.327) 
Firm sizet  0.023  
  (0.516)  
ROAt  2.378 2.351 

  (0.032) (0.031) 

Dividend dummyt  -0.133 -0.137 
  (0.170) (0.168) 
Debt to assetst  -0.674 -0.662 

  (0.003) (0.002) 

Capex to salest  -0.551 -0.511 
  (0.103) (0.103) 
R&D to salest  3.970 3.922 

  (0.000) (0.000) 

Advertising to salest  1.985 1.861 
  (0.089) (0.090) 
Diversification dummyt  0.110 0.064 
  (0.087) (0.083) 
Foreign sales to total salest  0.011  
  (0.952)  
    
Number of observations 1483 1469 1469 
AR(1) test (p-value) 0.001 0.001 0.001 
AR(2) test (p-value) 0.103 0.074 0.074 
Hansen’s J statistic (p-value) 0.366 0.255 0.322 
Difference in Hansen (p-value) 0.605 0.559  
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Table 7 

Robustness Tests 
This table presents several robustness tests for one-step system GMM regressions of the effect of foreign 
currency hedging on firm value when foreign currency is sequentially exogenous.  The sample includes 
nonfinancial COMPUSTAT firms with assets greater than $500 million and foreign sales for 1996 to 2000.  
Panel A compares firms with low foreign sales (defined as the ratio of foreign sales to total sales ≤ 50th 
percentile) to firms with high foreign sales (defined as the ratio of foreign sales to total sales > 50th 
percentile).  Panel B compares firms with a low distance to default (defined as distance to default ≤ 50th 
percentile) to firms with a high distance to default (defined as distance to default > 50th percentile).  
Tobin’s Q is the book value of assets minus the book value of common equity plus the market value of 
common equity, all divided by the book value of assets.  Total FX derivatives to assets is the total notional 
value of foreign currency forward and option contracts divided by the book value of total assets.  The 
regressions include the following control variables, whose coefficient estimates are suppressed: the natural 
logarithm of the book value of total assets; the ratio of net income to the book value of total assets; a 
dummy variable set equal to one if the firm paid dividends on common equity during the fiscal year, and 
zero otherwise; the ratio of total debt to the book value of total assets; the ratio of capital expenditure to 
total sales; the ratio of research and development expenditure to total sales; the ratio of advertising 
expenditure to total sales; a dummy variable equal to one if the firm operates in more than one business 
segment, and zero otherwise; the ratio of foreign sales to total sales; year dummies; and credit quality 
controls.  The coefficient of the intercept is also suppressed.  In parentheses are p-values based on standard 
errors adjusted for heteroskedasticity and within firm correlation.  Variables significant at the 5% level or 
less are in bold. 
 

Panel A: Foreign Sales 
 

Dependent variable: Tobin’s Qt Low Foreign Sales High Foreign Sales 

   
Tobin’s Q,t-1 0.718 0.637 

 (0.000) (0.000) 

Total FX derivatives to assetst 2.151 2.309 
 (0.331) (0.157) 
AR(2) test (p-value) 0.385 0.275 
Hansen’s J statistic (p-value) 0.171 0.324 

 
Panel B: Distance to Default 

 
Dependent variable: Tobin’s Qt Low Distance to Default High Distance to Default 

   
Tobin’s Q,t-1 0.539 0.414 

 (0.001) (0.001) 

Total FX derivatives to assetst 1.271 -2.060 
 (0.099) (0.308) 
AR(2) test (p-value) 0.072 0.109 
Hansen’s J statistic (p-value) 0.248 0.218 
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Abstract 
In this study we applied the realized variance based estimator to extract the 
information from noise and efficient variance from the Indonesia Stock Exchange 
(IDX). The stocks in the sample are stratified by trading frequency every six 
months from 2000 to 2007. The standard deviation of noise variance has changed 
to a lower level after the first half of 2004 implying an improvement of market 
quality in the Indonesia Stock Exchange. Using Bandi and Russell’s (2006) 
method, it is found that the average optimal sampling frequency to estimate the 
efficient realized variance is 9-minute. The relation between the standard 
deviation of the noise variance and the square root of the efficient realized 
variance is positive and significant. From the information asymmetry hypothesis, 
the positive and significant relationship implies that the higher uncertainty about 
the fundamental value of asset increases the risk of transacting with traders with 
superior information. Furthermore, the variance ratio of the average daily efficient 
realized variance to the daily open-to-close variance reveals that the private 
information is a significant trading component in the Indonesia Stock Exchange. 
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1. Introduction 
 
 

The availability of high frequency data provides researchers with an 

opportunity to learn about financial return volatility through robust identification 

methods that are simple to implement in that they are based on straightforward 

descriptive statistics (Andersen, et al. (2002)). Realized variance, as one of the 

most important development taking the advantage of more widely available 

quality high frequency data, is becoming more appealing as measure of stock 

price variability at a very short term interval. Essentially, the realized variance is 

estimated by simply summing intra-period high-frequency squared returns, period 

by period. For example, for a one-day market with total of 300 minutes of trading 

time, daily realized volatility based on five-minute underlying returns is defined 

as the sum the 60 intraday squared five-minute returns, taken day by day.  

The appeal of realized volatility calculated from high-frequency data 

relies at least partially on the assumption that log asset prices evolve as diffusions. 

This assumption becomes progressively less tolerable as transaction time is 

approached and market microstructure effects emerge. Hence, a tension arises: the 

optimal sampling frequency will probably not be the highest available, but rather 

some intermediate value. Ideally the frequency is adequately high to produce a 

volatility estimate with negligible sampling variation, yet the frequency is 

adequately low to avoid microstructure bias. Andersen, et al. (2000) construct 

volatility signature plot as a tool to identify an interval which optimally balances 

the bias caused by microstructure effects and the variance of the realized variance 

estimator. A key insight in their signature plots is that microstructure biases, if 

existing, will probably manifest themselves as the sampling frequency increases 
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by distorting the average realized volatility. In their study, they demonstrated 

volatility signature plots from highly liquid asset. The volatility signature plot 

stabilizes at roughly 20-minute return sampling interval. Increasing realized 

variance as the sample frequency increases has been found in the highly liquid 

assets. Andersen, et al. (2000) argue that microstructural factors play an important 

role in determining the differences in the volatility signature plots for the highly 

liquid and less liquid assets. In the following work, Andersen, et al. (2001) rely on 

artificially constructed five-minute returns. They argue that the five-minute 

horizon is short enough that the accuracy of the continuous record asymptotic 

underlying realized volatility measures work well, and long enough that the 

confounding influences from market microstructure frictions are not 

overwhelming.   

The variance (volatility) signature plot may be used to identify the 

interval at which the volatility starts to stabilize. However, the exact point is 

mostly unclear. Therefore, a technique to estimate a more precise point is needed. 

Fortunately, the rapid development of econometric methods focusing on realized 

variance estimator in conjunction with the more widely available high-frequency 

data provides a way to separate noise from volatility as in the work of Bandi and 

Russell (2006), and Hansen and Lunde (2006) works.  

One of the most significant works in advancing the classical realized 

variance is the work of Bandi and Russell (2006). They develop a formal method 

to optimally sample high frequency return data for the purpose of exploiting the 

information potential of the classical realized variance estimator. They identify the 

optimal sampling interval by exploiting the information from high and low 
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frequency intraday returns. They develop a straightforward method to identify the 

noise variance and the efficient return variance from the observed return using 

high-frequency data. The method provides three main outcomes: (1) the noise 

variance, (2) the optimal sampling interval to minimize the market microstructure 

bias in realized variance estimator, and (3) the efficient variance; this is the daily 

realized variance sampled at the optimal frequency. 

A separate line of research explores the link between information and 

stock return variance by way of the time needed for new information to be 

incorporated into stock prices. French and Roll (1986) relate variance-ratios to the 

amount of information incorporated into prices. They show that (per hour) open-

close return variances are greater than (per hour) close-open variances and offer 

three potential explanations for this finding: (i) incorporation of private 

information during trading hours, (ii) mispricing caused by investor misreaction 

or market frictions and microstructure noise induced by bid-ask bounce, and (iii) 

greater incorporation of public information into prices during trading hours. They 

reject (iii) because the variance ratios are not significantly different on business 

days when the stock market is closed. They conclude that the other two 

components help explain the higher ratio during market trading hours, with (i) 

being the dominant factor. Relying on their conclusions, the variance ratio 

measures either mispricing or the incorporation of private information into prices 

during trading hours. Thus, the variance ratio is possibly linked to the degree of 

private information content or efficiency of the pricing system in the sense of 

Kyle (1985). In sum, French and Roll (1986) use volatility as an indirect measure 

of information content.  
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Wood, et al. (1985) found U-shaped pattern in the stock return variability 

in the U.S. market suggesting that information incorporation occurs during trading 

hours. This finding is consistent with what has also been modelled by Madhavan 

(1992); the information is primarily incorporated into prices during trading hours. 

We find that there are research opportunities in the realized variance 

domain. In particular, we contribute to the realized variance literature by first, 

implementing the developed market realized variance based estimators to the less 

developed market, i.e. in the Indonesia Stock Exchange to have more 

understanding of the market mechanism through second moment analysis. 

Secondly, the availability of intraday data that is more accessible through SIRCA 

enables us to analyse the efficient and noise variance dynamics. Additionally, the 

analysis of noise variance dynamics enables us to infer the deviation of observed 

prices from their ‘true’ value. Therefore, we are able to asses the market quality in 

the Indonesia Stock Exchange.  Thirdly, we analyse the variance ratio to shed 

more light on the information incorporation during trading hours using more 

reliable measure, i.e. the efficient variance. 

In this study we apply Bandi and Russell’s (2006) method to the intraday 

data of the most frequently traded stocks from the Indonesia Stock Exchange. 

Furthermore, we use the variance ratio analysis to analyse the information content 

in the daily realized variance estimate sampled at the optimal interval. The period 

of this study covers the year from 2000 to 2007 divided into 16 half-yearly 

periods. Result from variance signature plots show that noise is correlated with 

the efficient price, particularly at high frequency. Next, the noise has decreased 

over the sample period. The decreasing level of noise indicates an improvement of 

2567



 5

market quality in the Indonesia Stock Exchange from 2000 to 2007. Analysing the 

noise variance when the sample was stratified by the price of stocks reveals that 

stocks with price between 500 rupiah and 2000 rupiah experienced the most 

significant decrease in noise variance. The average optimal sampling frequency is 

9 minutes. The optimal sampling frequency is a moderate frequency by developed 

market’s standard. We also find that the realized volatility is relatively stable 

during our sample period.  

 

2. Methodology 
 
 

We employ the methodology developed by Bandi and Russell (2006) on 

the 50 most frequently traded stocks on the Indonesia Stock Exchange. They offer 

two methods to estimate the ideal sampling interval to measure the realized 

variance. The first is the true optimal sampling method. This is done by 

minimizing mean squared error (MSE) of the realized variance estimator as a 

function of the sampling frequency. The second is called the approximate optimal 

sampling method which is a more straightforward version of the true optimal 

sampling method. The comparison between these two methods resulted in 

insignificant difference in the loss of MSE (Bandi and Russell (2006)). Moreover, 

from an applied perspective, the approximate optimal interval represents a valid 

and immediate methodology for choosing the optimal frequency for a variety of 

stocks with different liquidity properties. Therefore, we opt to estimate the 

optimal interval using the approximate optimal sampling method for its simplicity 

and accuracy. Bandi and Russell (2006) clarify that the approximate optimal 

sampling method will only apply for sufficiently large observations, i.e. stocks 
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with high liquidity. Therefore, the use of this method will rule out illiquid stocks 

on the Indonesia Stock Exchange. 

The procedure builds directly on the work of French, et al. (1987), 

Schwert (1989, 1990a, 1990b), Schwert and Seguin (1991), and more recently, 

Andersen, et al. (2001), Andersen, et al. (2003), and Barndorff-Nielsen and 

Shephard (2002, 2004). In the early literature, as represented by French, et al. 

(1987), the variance is measured by using sample averages of squared return data. 

In agreement with the recent work of Andersen, et al. (2001), Andersen, et al. 

(2003), and Barndorff-Nielsen and Shephard (2002, 2004), the method provides 

robust theoretical justifications for variance estimates in the context of a 

continuous-time specification for the evolution of the underlying logarithmic price 

and the availability of high frequency return data. In contrast to both the early 

approaches to nonparametric variance identification and the current work on 

realized variance estimation, the procedure does not simply focus on the variance 

dynamics of recorded stock returns; rather, the procedure aims to identify both the 

variance of the efficient return component and the variance of the microstructure 

contaminations by exploiting the considerable information potential of high 

frequency return data. 

The first stage of the method makes use of data sampled at the highest 

possible frequency. In recent work, Bandi and Russell (2008) show that sample 

second moments constructed using observed high frequency return data provide 

consistent estimates of the second moment of the unobserved microstructure 

frictions in a canonical model of price determination with MA(1) microstructure 

noise. This result is then used to identify the variance of the noise component in 
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the recorded return data. This procedure represents the substantive core of the 

identification of the variance of the zero-mean microstructure noise. 

The second stage is the identification of the genuine variance features of 

the efficient return process. Should the efficient price process be observable, then 

high sampling frequencies would yield consistent estimation through the 

conventional realized variance estimator (Andersen, et al. (2003); Barndorff-

Nielsen and Shephard (2002)). If the true price process is not observable, as is the 

case in practice due to microstructure frictions, then the realized variance 

estimator is an inconsistent estimate of the integrated variance of the efficient 

logarithmic price process (Bandi and Russell (2008), and the independent work of 

Zhang, et al. (2005)). In effect, frequency increases provide information about the 

underlying integrated variance but entail noise accumulation that impacts both the 

bias and the variance of the realized variance estimator (Bandi and Russell (2008); 

Zhang, et al. (2004)). Thus, the optimal sampling frequency can be chosen to 

balance a bias/variance trade-off.  

 

2.1. Price process  

Assume the availability of M + 1 equispaced price observation over a 

fixed time span [0,1] (say, a trading day), so that the distance between 

observations is 1/ Mδ = . The logarithmic observed price jp δ  as the sum of 

logarithmic efficient price *
jp δ  , i.e., the price that would prevail in the absence of 

market microstructure frictions, and logarithmic market microstructure noise ju δ . 

*
j j jp pδ δ δη= + ,    j = 0, 2,…,M ( 1 ) 
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Both *
jp δ  and ju δ  are unobservable. Similarly, in terms of continuously 

compounded returns, 

*
j j jr rδ δ δε= + , j = 1,…,M  ( 2 ) 

where 

( )1j j jr p pδ δ δ−= − ,    ( 3 )   

 

( )
* * *

1j j jr p pδ δ δ−= −   ( 4 ) 

and 

( )1j j jδ δ δε η η −= − ,    j=1,2,…,M  ( 5 ) 

have obvious interpretations in terms of efficient return and microstructure noise 

in the return process. 

The efficient price dynamics are modelled as being driven by a 

continuous process. Time is needed for market participants to acquire, digest, and 

react to new information. The efficient price is expected to adjust slowly with the 

exception of discrete responses to important, infrequent public news 

announcements. The characteristics of the noise process are different from the 

efficient price characteristics since observed price inherently reflect additional 

information. First, the observed price cannot vary continuously; rather, they fall 

on a fixed grid of prices or ticks. The changes in the prices and midquotes are 

therefore discrete in nature. For the Indonesia Stock Market with limit order 

market structure, the adjustments that new limit orders induce are necessarily 

discrete in nature. Hence, non-negligible adjustments can occur to the noise 

process regardless of how short the time interval is between price updates. It is 
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therefore natural to consider the departure of the observed returns from the true 

returns as being discontinuous process. 

It is shown by Bandi and Russell (2006) that the volatility of the 

unobserved microstructure noise can be estimated from the observed squared 

return. The following assumptions from Bandi and Russell (2006) are applied: 

 

Assumption 1 (Efficient price process): 

(1) The efficient logarithmic price process pt is a continuous stochastic 

volatility local martingale. Specifically, pt = mt, where 
0

t

t sm dWσ= ∫  and  

{ : 0}tW t ≥  is a standard Brownian motion.  

(2) The spot volatility process tσ  is right-continuous with left limit (càdlàg) 

and bounded away from zero. 

(3) The spot volatility process tσ  is independent of Wt for all t. 

(4) The quarticity process 4

0

t

t sQ dsσ= ∫  is bounded almost surely for all t. 

 

Assumption 2 (Microstructure noise): 

(1) The true return process rjδ is independent of ujδ for all δ and for all  j. 

(2) The random shocks u are i.i.d. mean zero with a bounded eight moment. 

 

Assumption 1(1), 1(2) implies that the equilibrium return in 

unpredictable because the drift component is known to be negligible at the 

sampling frequencies in the realized variance literature. Coherently, classical 
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market microstructure theory predicts that the unobservable equilibrium price 

should evolve as a martingale at high frequencies (O’Hara (1995)). 

Assumption 2(3) implies absence of leverage effects.  

Assumption 2(1) implies independence between the equilibrium returns 

and the noise components at all frequencies. At low frequencies, this assumption 

provides a reasonable approximation. As advocated by Hansen and Lunde (2006), 

one way of assessing the empirical plausibility of the assumption at high 

frequencies is by using signature plots developed by Andersen, et al. (2000). 

Assumption 2(2) implies that the observed returns display an MA(1) 

structure with a negative first order correlation. The MA(1) market microstructure 

model in returns (or the i.i.d. market microstructure mode in prices) is typically 

justified by bid-ask bounce effect (Roll (1984)). 

 

2.2. Identification at high frequencies: volatility of the 

unobserved microstructure noise 

Under the set-up in Eq.(2), we can rewrite the realized variance estimator 

as the sum of three components, namely 

2 2 2

1 1 1 1
2

M M M M

j j j j j
j j j j

r r rδ δ δ δ δε ε
= = = =

= + +∑ ∑ ∑ ∑    ( 6 ) 

that is, the sum of the squared efficient (true) return plus the sum of the 

squared noise returns and a cross-product term.  

From the specification in Eq.(6) we derive the estimation of price 

contamination η from the unobserved noise return ε which is estimated from the 

sample moments of the observed return data. 
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2

1 2( )

M

j p
j

M

r
E

M

δ

ε=

→∞
→

∑
   ( 7 ) 

Following Assumption 2 (2), 

2

1 2 2
1

2 2
1 1

2

( ) ( )

( ) ( ) 2 ( )

2 ( )

M

j p
j

j jM

j j j j

r
E E

M
E E E u u

E

δ

δ δ

δ δ δ δ

ε η η

η η

η

=
−→∞

− −

→ = −

= + −

=

∑

 

so that, 

2

1 2( )
2

M

j p
j

M

r
E

M

δ

η=

→∞
→

∑
  ( 8 ) 

In the remainder of this work we refer to η  as the noise component. In words, 

when averaging the observed squared returns, the average of the squared noise 

returns constitutes the dominating term in the total average. Intuitively, the price 

mechanism that is discussed in the price process makes the squared efficient 

return wash out due the asymptotic order of the efficient returns. The other 

component, the average noise return variance converges to the second moment of 

the noise returns.  

We use the following proposition from Bandi and Russell (2006) to 

estimate the second moment of the noise return. 

Proposition 1a. The arithmetic average of the second powers of the 

observed return data within the day, 2
,1

M
j ij

r M
=∑ , consistently estimates the 

second moment of the noise returns, E(ε2). The sampling frequency δ = 1/M is 

chosen as the highest frequency at which new information arrives. 
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 If the price contaminations are i.i.d. across periods, then the 

following extension can be readily justified. In the following proposition, n 

denotes the number of days in our sample. 

Proposition 1b. The arithmetic average of the second powers of the 

observed return data within and across day, 2
,1 1

n M
j ii j

r nM
= =∑ ∑ , consistently 

estimates the second moment of the noise returns, E(ε2). The sampling frequency δ 

= 1/M is chosen as the highest frequency at which new information arrives. 

 

2.3. Identification at low frequencies: volatility of the 

unobserved efficient return 

The other necessary ingredient to estimate the optimal sampling interval 

technique is quarticity.  The quarticity is the result of asymptotic derivation of the 

realized volatility error, that is the difference between the realized (observed) and 

actual (latent) volatility. The resulting quarticity is estimated by using fourth 

moment of the observed returns of asset under consideration. However, the 

traditional quarticity estimator as introduced by Barndorff-Nielsen and Shephard 

(2002), i.e., 4
,1

3 M
j ij

M r
=∑ , cannot be a consistent estimator (as M→ ∞) in the 

presence of microstructure noise. In fact, as is the case for realized variance, 

frequency increases cause infinite noise accumulation. Consequently, the 

construction of quarticity estimates requires low frequencies sampling. Bandi and 

Russel (2006) show that plausible alternative sampling intervals for the quarticity 

estimate have a relatively small effect on the estimation. In their study, Bandi and 

Russel use 15-minute interval to estimate quarticity. However, due to the 

2575



 13

illiquidity issue in the Indonesia Stock Exchange, we expect that the volatility 

signature plot stabilizes at a slower rate. Consequently, we construct the quarticity 

at 30 minutes interval (Henker and Husodo (2008)).  

The following propositions from Bandi and Russell (2006) are applied to 

estimate the quarticity at 30 minutes interval: 

 Proposition 2a. The arithmetic average of the second powers of the 

observed return data within the day, 4
,1

M
j ij

r M
=∑ , consistently estimates the 

second moment of the noise returns, E(ε2). The sampling frequency δ = 1/M is 

chosen as the highest frequency at which new information arrives. 

If the price contaminations are i.i.d. across periods, then the following 

extension can be readily justified. In the following proposition, n denotes the 

number of days in our sample. 

Proposition 2b. The arithmetic average of the second powers of the 

observed return data within and across day, 4
,1 1

n M
j ii j

r nM
= =∑ ∑ , consistently 

estimates the second moment of the noise returns, E(ε2). The sampling frequency δ 

= 1/M is chosen as the highest frequency at which new information arrives. 

 

2.4. Approximate optimal sampling interval 

The formulation of approximate speed of price adjustment is in the 

following. 

1/3ˆ
* ,

ˆ
iQM

α
⎛ ⎞
⎜ ⎟⎜ ⎟
⎝ ⎠
∼   ( 9 ) 

where 
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22

1 1 ,ˆ

n M

i j j i
r

nM
α

= =
⎛ ⎞
⎜ ⎟= ⎜ ⎟
⎜ ⎟
⎝ ⎠

∑ ∑
  ( 10 ) 

and 

4
,

1

ˆ
3

M

i j i
j

MQ r
=

= ∑    ( 11 ) 

 

The sampling frequency for estimating the term α̂  follows from 

Proposition 1b. The relevant sampling frequency in Bandi and Russell (2006) for 

the quarticity estimator ˆ
iQ  is 15-minute. We expect the stock’s illiquidity in the 

Indonesia Stock Exchange is much higher than it is in the U.S., particularly in 

comparison with the Dow Jones constituents. Consequently, in order to factor the 

illiquidity issue, this study applies 30-minute interval as the relevant sampling 

frequency for quarticity estimator.  

 

2.5. Data 

We study the stocks in the Indonesia Stock Exchange. The data come 

from the Securities Industry Research Centre of Asia Pacific (SIRCA) database. 

The sample includes the 2000 to 2007. The data contains price and volume of 

transactions and quotes time stamped to the nearest second. We select the 50 most 

frequently traded stocks every six month from January 2000 to December 2007 to 

be included in the sample. Price and quote data must occur between 9:30 a.m. and 

4:00 p.m. We exclude Fridays trading due to different trading hours thus, 

minimizing potential errors when aggregating the data to lower frequency. 
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Following Dacorogna, et al. (2001), analysis of high frequency data necessitates 

bid-ask pairs, where the ask price is higher than the bid price. Therefore, the data 

is filtered to exclude observations where bid prices exceed concurrently valid ask 

prices.   

It is common practice in the realized variance literature to use midpoints 

of bid-ask quotes as measures of the true prices. While these measures are 

affected by residual noise in that there is no theoretical guarantee that the 

midpoints coincide with the underlying efficient prices, they are generally less 

noisy measures of the efficient prices than are transaction prices since they do not 

suffer from bid-ask bounce effects. Thus, in agreement with the realized variance 

literature, in this study we use midpoints of bid-ask quotes to measure prices. 

Accordingly, the specification in Eq.(1) should be interpreted as a model of 

midquote determination based on efficient price and residual microstructure noise.  

Considering the less liquid nature of the developing market than the 

developed market, we analyse the data on half-yearly basis. This is to provide 

sufficient observations to generate reliable results. 

 

2.6. Sampling Schemes 

Intraday returns can be constructed using different types of sampling 

schemes. The special case where j = 1,…,M, are equidistant in calendar time, i.e. 

1/ Mδ = , is referred to as calendar time sampling (CTS). The sampling scheme 

requires the construction of artificial prices from the raw transaction or midquote 

prices data that are irregularly spaced. Given observed prices at the times 

j0<…<jM, a price at time [ , 1)j jτ ∈ + , can be artificially constructed using 
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jp pτ ≡   ( 12 ) 

or 

1( )
( 1)j j j

jp p p p
j jτ
τ

+
−

≡ + −
+ −

 ( 13 ) 

The former is known as the previous tick method, i.e. taking the most 

recent values (Wasserfallen and Zimmermann, 1985), and the latter is the linear 

interpolation method (Andersen and Bollerslev, 1997). 

The case where jδ denotes the time of a transaction/quotation is referred 

to as transaction time sampling (TTS). For example, jδ, j = 1,…,M, are chosen to 

be the time of every fifth transaction. 

The case where the sampling times, 0, ,..., ,M M Mj j , are such that 

2 /j IV Mδσ =  for all j = 1,…,M is known as business time sampling (BTS). 

Whereas j = 0,…,M, are observable under CTS and TTS, they are latent under 

BTS, because the sampling times are defined from the unobserved volatility path. 

Empirical result of Andersen and Bollerslev (1997) and Curci and Corsi (2004) 

suggest that BTS can be approximated by TTS. 

Griffin and Oomen (2008) advocated that the microstructure noise may 

appear close to i.i.d in event time which is consistent with the microstructure 

noise assumption applied in this study. For this reason, we use event time to 

estimate the realized variance based estimator. 

 

2.7. Volatility Signature Plot 

The realized variance (RV) is derived from intraday returns that require 

the value of the price process to be known at particular points in time. In practice, 
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the price process is latent and prices must be interpolated from transaction and 

quotation data. These interpolated prices need not equal the true prices for a 

number of reasons that relate to market microstructure effects and aspects of the 

interpolation method. First, lack of liquidity could cause the observed price to 

differ from the true price, for example during short periods of time where large 

trades are being executed. Second, structural aspects of the market, such as the 

bid-ask spread and the discrete nature of price data that implies rounding errors. A 

third source of pricing errors can arise from the econometric method that is used 

to construct the artificial price data. The method is not unique and involves 

several choices such as: should prices be inferred from transaction data or 

midquotes; how to construct prices at points in time where no transaction or 

quotation occurred (at the exact same point in time). A fourth source of pricing 

errors relates to the quality of the data. For example, tick-by-tick data sets contain 

misrecorded prices, such as transaction prices that are recorded to be zero. While 

zero-prices are easy to identify and remove from the data set, other misrecorded 

prices need not be. 

The realized variance (RV) of p* is defined by  

( ) *2
*

1

M
M

j
i

RV r δ
=

≡ ∑    ( 14 ) 

and ( )
*

MRV  is consistent for the integrated variance (IV) as M →∞  (Protter 

(2005)). A feasible asymptotic distribution theory of RV (in relation to IV) was 

established by Barndorff-Nielsen and Shephard (2002). Whereas ( )
*

MRV  is and 

ideal estimator, it is not feasible estimator because p* is latent. The realized 

variance of p, given by 
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( ) 2

1

M
M

j
j

RV r δ
=

≡∑   ( 15 ) 

is observable but suffers from a well-known bias problem and is generally 

inconsistent for the IV (Bandi and Russell (2006)). 

A volatility signature plot provides an easy way to visually inspect the 

potential bias problems of RV-type estimators. Such plots appeared is proposed by 

Andersen et al. (2000).  Let ( )M
tRV  denote the RV based on M intraday returns on 

day t. A volatility signature plot displays the sample average 

( ) 1 ( )

1

nM M
t

t
RV n RV−

=

≡ ∑   ( 16 ) 

as a function of the sampling frequencies m, where the average is taken over 

multiple periods (typically trading days). A signature plot yields valuable 

information about the RV's bias and can uncover important properties of the noise 

process. 

 

2.8. CTS and TTS: Why are they different? 

Sampling returns in calendar time induces properties of the noise that are 

different from the properties of the noise obtained by sampling returns in trade 

time. At very high frequencies, calendar time sampling will inevitably result in 

sampling between quote updates, thereby artificially inducing persistency in the 

observed price, p . The persistency again leads to an artificially negative 

correlation between noise returns and efficient returns. Here, we compare the 

variance signature plots obtained from tick time sampling to those obtained 

previously from calendar time sampling to illustrate the difference. We choose 
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TLKM simply because it is one of the most frequently traded stocks in the 

Indonesia Stock Exchange during our sampling period. The illustration presented 

in Figure 1 uses the second half of 2007 to construct realized volatility based on 

the calendar time and transaction time sampling.  

Figure 1 contains tick time and calendar time of mid-quote realized 

variance plots at the second half of 2007 for Telekomunikasi Indonesia (TLKM). 

As shown in the figure, the variance signature plot of calendar time drops, rather 

than increases as the sampling frequency increases while, the variance signature 

plots obtained from event time shows otherwise. 

 
 
3. Results 
 
3.1. The Noise Variance 

First, we present the descriptive statistics of daily average standard 

deviation of noise variance and daily average relative spread in Table 2. The 

median standard deviation of noise variance estimated by transaction data is a 

quarter of the median of the average spread. On the other hand, the median 

standard deviations of noise variance estimated by midquotes are one seventh and 

one sixth for paired and prevailing quotes respectively. The noise estimated by 

transaction data is a proxy for total noise in the price process, while one estimated 

by midquotes represent residual noise.   

The standard deviation of noise variance constructed using transactions 

and mid-prices, generated from either quotes at event-time or prevailing quotes 

data are presented in the Table 3. On average, the noise variance constructed from 

either quote at event-time or quote at transaction time has lower noise variance 
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than the one constructed from transaction data. Scaled to annual rates, the average 

standard deviation of noise variance constructed from transaction data is almost 

9% while they are 5% and 6% for series constructed from quotes and prevailing 

quotes, respectively. The findings are not unexpected since most of the studies in 

the realized variance based estimator agree that return series generated from 

midprices are less noisy than the one generated from transaction prices. 

From Table 3 it is apparent that average noise variance has changed toward a 

lower level from 2000 to 2007. The significant decreasing period starts from the 

first half of 2004 to the second half of 2006. In this period, the noise variance 

estimated by transaction data decreases from 10% to 6%, by quotes midprices 

falls from 6% to 3% and by prevailing quotes declines from 7% to 4%. Although 

there is increasing noise variance after the second half of 2006, the level is 

considerably lower than the initial periods. As noise indicates the deviation 

between the observed and actual price of an asset (Black (1986)), the lower level 

of noise implies an improving market quality in the Indonesian Stock Exchange 

between 2000 and 2007. 

The annual standard deviation of noise variance is presented in Table 3. 

The method employed in this study requires stocks with high liquidity to produce 

consistent results as presented in Eq.(9). Any possible inconsistencies with the 

method due to illiquidity issue will manifest themselves in the optimal sampling 

frequency estimates that are higher than the interval used to identify signal 

(quarticity). Therefore, we select companies with approximate optimal frequency 

that is less than the frequency used to estimate the signal (quarticity), i.e. 30-
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minute interval. As a result, the number of valid companies is less than our 

original sample of 50 companies.  

 As shown in Table 3, there is substantial variability in the sample. We 

minimize the variability by analysing the noise variance based on price change 

factions groups. Following the Addendum to The Rule Number II-A about 

Securities Trading (Firmansyah and Sembiring (2004)), The Indonesia Stock 

Exchange classifies price change faction into four groups: 

(1) Less than 500 rupiah. The permitted minimum (maximum) price change is 

5 (50) rupiah. 

(2) From 500 rupiah up to 2000 rupiah. The permitted minimum (maximum) 

price change is 10 (100) rupiah. 

(3) From 2000 up to 5000 rupiah. The permitted minimum (maximum) price 

change is 25 (250) rupiah. 

(4) More than 5000 rupiah. The permitted minimum (maximum) price change 

is 50 (500) rupiah. 

The results are presented in Table 4, Table 5 and Table 6. Noise variance 

estimates reported are higher than the estimates of Hansen and Lunde (2006). 

They estimate the noise variance of 30 equities of the DJIA from 2000 to 2004 

using transaction data. Hansen and Lunde (2006) find that, using their method, the 

highest noise variance is 2.4 per cent in 2000. After that, they find decreasing 

noise variance from 2000 to 2004. We find that, even for the most frequently 

traded stocks in the Indonesia Stock Exchange, the minimum noise variance is 

still higher than the estimation of Hansen and Lunde (2006). As shown in Table 4, 
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the minimum noise variance for stock prices of more than 5,000 rupiahs is 3 per 

cent in 2007. 

From Table 4, Table 5 and Table 6, we find that the noise variance for 

the third and fourth price faction category is fairly stable. At those categories, it 

has also found that the noise variance has lower variability from the second half of 

2004 to the end of the sample period.  The second category, either using 

transactions or quotes data, show an obvious periods of high and low noise 

variance. The cut-off point between the two periods is the first half of 2004. From 

the price change faction based analysis, it is clear that stocks within the price 

range of 500 to 2000 rupiah have the most dramatic noise variance change. The 

first category shows a gradual decreasing level of noise variance. 

Stoll (2000) argues that stock price proxies for stability, greater 

disclosure, and a lower probability of informed trading. Table 4, Table 5 and 

Table 6 show that stocks with price of more than 5000 rupiah (the fourth 

category) have the smallest noise variance. As the noise reflects the deviation 

between the observed price and its efficient price, it is clear that the high price 

stocks show a greater disclosure than the remaining categories. The disclosure is 

even greater from the second half of 2004 because the noise variance is more 

stable from that point. As for the lowest priced stocks, the high variability of noise 

variance during the sample period indicates that the microstructure effect 

dominates the noise. The substantial variability of noise variance is persistent 

even after controlling for the bid-ask bounce effect by estimating the noise 

variance using quoted midprices. As we have found in our previous study, 

(Henker and Husodo (2006)) we conjecture that the infrequent trading due to 
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significant asymmetric information drives the considerable variability of the noise 

variance in the lowest priced stocks. The analysis of the asymmetric information 

is presented in the next section.  

We estimate the constant elasticity model as in Woolridge (2003) to 

analyse the relation between the standard deviation of the noise terms to the 

average relative spread, namely, the average differences between the quoted 

logarithmic ask prices and the corresponding logarithmic bid prices. As shown in 

Table 7 , on average, 1% increase in the spread translates into 0.7% increase in the 

standard deviation of noise component. The fact that all of the spread coefficients 

are positive and significant is not surprising since the wider spreads are associated 

with larger market microstructure contaminations in the observed return process. 

The result presented in Bandi and Russell (2006) shows a more sensitive 

coefficients. One per cent increase in the spread translated into one per cent 

increase in the noise variance. 

 

3.2. The Efficient Variance 

The dynamics of the half-yearly optimal sampling interval from January 

2000 to 2007 is presented in Table 8. We learn from the table that the optimal 

sampling interval varies considerably during the sample period. The mean and 

median values of the optimal sampling intervals are 16.37 and 15.91 min, 8.45, 

and 8.04 and 10.63 and 9.75 for transactions, quotes at event time and quotes at 

transaction time (prevailing quotes), respectively. The estimated minimum and 

maximum values are 4.2 and 30 minute for transactions data. They are 1.45 and 

21.74 minute for quotes at event time, and 1.58 and 28.48 min for quotes at 
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transaction time. For comparisons with developed market (Bandi and Russell 

(2006)), the minimum value of approximate optimal sampling interval using mid-

quote returns is about 0.40 minute. The maximum value is 12.6 minute. In 

addition, using transaction price returns, Hansen and Lunde (2006)  find  that  the  

minimum  and maximum value of optimal sampling interval are 0.67 and 21.76 

minute, respectively. It is clear that the dispersion of optimal sampling interval 

estimates in the Indonesia Stock Exchange is higher than the U.S. equity market. 

We estimate the correlation between optimal sampling intervals and 

noise-to-signal ratio, i.e., the ratio between the variance of the noise component 

and the variance of the underlying efficient price (efficient variance). As 

presented in Table 9, the correlations are consistently positive throughout the 

sample period with the average of 92.86 for transaction data and 88.95 and 90.34 

for midquote constructed from quote at event time and for quote at transaction 

time, respectively. It is important to notice that the optimal intervals are related to 

noise-to-signal ratio. 

The efficient variance is daily realized volatility sampled at optimal 

frequency. From Table 10, the results from transaction and mid-quote data 

consistently show that the efficient variance for stocks with price more than 5000 

rupiah is the smallest among price factions. The daily average efficient variance 

from 2000 to 2007 is almost 4%; it is not much different whether transaction or 

mid-quote data are used. As we have found in the noise variance, the efficient 

variance for 500 to 2000 rupiah price range also shows substantial decrease 

starting from the second half of 2004.   
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We analyse the variance ratio to reveal the impact of information 

dissemination during a trading day. The method is similar to French and Roll 

(1986) variance ratio. Here, we calculate the ratio between daily realized variance 

from optimal sampling interval to open-to-close variance for a trading day. It is 

expected that if there is no significant impact from the information dissemination 

during a trading day, the variance ratio would be insignificantly different from 

one. It implies that the market microstructure noise has no significant impact on 

the daily variance. As we assume that the public news is expected to be 

incorporated into price in a gradual manner, the impact of this information is 

expected to be negligible. Instead, we expect that the  difference  between  

realized  variance estimator and the open-to-close variance is due to unanticipated 

information, i.e. private information that generates asymmetric information in the 

market. 

We focus on the quote-to-quote optimal sampling interval because the 

estimated realized variance is free from market microstructure noise. As a result, 

realized to open-to-close variance ratio that is significantly different from one 

most probably contains substantial private information. As shown in Table 10, the 

average daily variance ratio is 1.2% and is significantly different from one at 5% 

in all sampling period. We use bootstrap analysis with a thousand replications 

with replacement to test the mean difference of the variance ratio against one. It is 

clear from the average variance ratio that the incorporation of private information 

has considerable impact to the prices.  

We quantify the relation between the standard deviations of the noise 

components and the square root of the average daily variances of the efficient 

2588



 26

prices by running a regression of the former on the latter.  The regression results 

in Table 11 show a consistent positive and significant relationship between 

efficient price variance and noise variance. As indicated by the R2, on average, the 

efficient price variance is able to explain 82% (trades), 53% (quotes at event time) 

and 51% (prevailing quotes) of the variability in the noise variance. For 

comparison, Bandi and Russell (2006) report R2 of 35% using quotes at event 

time; it is clearly lower than our finding. The intercepts in our regression results 

are occasionally significant but the magnitude of are small hence, negligible. The 

efficient price variance plays the same role in both theories of quoted spread 

determination. Higher uncertainty about asset value implies higher likelihood of 

adverse price movements and, in turn, higher inventory risk, mostly in the 

presence of severe imbalances that must be offset. Equivalently, higher 

uncertainty   about   the   fundamental   value   of the asset increases the  risk  of 

transacting with traders with superior information. Hence, high efficient price 

volatility should be associated with a high standard deviation of the midquote 

noise. This is consistent with our finding in the regression presented in Table 11. 

In regard to the pure order driven market system in the Indonesia Stock Exchange, 

the theory of asymmetric information is more relevant. 

Engle and Sun (2007) argue that there are two components of 

microstructure noise. The first component is fixed noise potentially due to order 

processing cost or inventory control by dealers. The second component is time-

varying noise that is correlated with change of the efficient price, which may 

come from asymmetric information or stale quotes. Using the Engle and Sun 

(2007) noise decomposition argument, the R2 of regression between the noise 
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variance and its corresponding efficient price variance indicates the variability of 

noise due to asset uncertainty, or, change of the efficient price. 

Back to Table 11 in the quote-to-quote continuously compounded returns 

row, the average R2 shows that 53% of the variability in the noise standard 

deviation is explained by the efficient price variance. It is imperative that the 

midquote return is free from bid and bounce effect hence, it is clear that the 

remaining unexplained component of noise variance comes from factor other than 

bid and ask fluctuations. Referring to the result from variance ratio between the 

efficient variance and open-to-close variance, private information is most 

probably the important ingredient in the noise variance in the Indonesia Stock 

Exchange. 

 

4. Conclusions 
 
 

Our results, which are based on samples of the 50 most frequently traded 

stocks every six month from 2000 to 2007, can be summarized in the following. 

The noise variance estimation from 2000 to 2007 using intraday data shows that 

the noise has decreased implying smaller deviation between the observed prices 

and their equilibrium values hence, the better market quality in the Indonesia 

Stock Exchange.   

 We analyse the relation between the average relative spread to the noise 

variance. The result shows that the standard deviations of the unobserved 

midquote components (noise) are positively related to the quoted spreads. This 

means higher quoted spread leads to higher noise.   
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The optimal sampling frequency is an interval that balances the bias from 

market microstructure noise and the number of observations required to generate 

reliable volatility estimate. Therefore, realized variance sampled at the optimal 

frequency (efficient variance) is the variance that contains minimum impact from 

market microstructure noise. We find that the average optimal sampling interval is 

9 minutes. Using variance ratio between efficient variance to open-to-close 

variance reveals that the ratio is consistently significantly more than one. It is 

concluded that the difference between the variance sampled at optimal sampling 

interval and the open-to-close variance at daily level is most likely generated by 

private information.   

The standard deviation of the unobserved midquote noise components 

and the standard deviation of the efficient variance have consistent positive and 

significant relationship indicating that the higher uncertainty of the asset value, as 

reflected in the standard deviation of efficient variance, is translated into higher 

standard deviation of noise. Moreover, standard deviation of efficient variance is 

able to explain 53% variability in the standard deviation of noise component. As 

the efficient variance is estimated from the midquote prices, it is clear that the bid-

ask bounce effect has been ruled out. Moreover, the variance ratio of daily 

efficient variance to daily open-to-close variance is significantly more than one 

implying significant private information content in prices. Therefore, we conclude 

that the asymmetric information (or private information) makes up 47% of the 

noise in the Indonesia Stock Exchange. 
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Table 1: Descriptive Statistics of the Sample 

Descriptive statistics reported are based on the 50 most frequently traded stocks. Duration 
of trades and quotes are measured in minutes. Trades and quotes must be between 9:30-
12:00 and 13:30-16:00 from Monday to Thursday. Friday trading is excluded due to 
unequal trading hours. Data come from SIRCA.  
 

Year
     I      II      I      II

2000
Average 5.75 6.84 0.99 1.27

Minimum 1.08 1.23 0.33 0.36
Median 5.16 6.54 0.98 1.28

Maximum 15.94 18.64 1.74 2.18

2001
Average 7.14 7.87 1.31 1.41

Minimum 1.02 1.19 0.26 0.28
Median 7.13 7.34 1.27 1.31

Maximum 16.93 24.69 2.89 2.82

2002
Average 7.23 9.58 1.22 1.73

Minimum 1.11 1.12 0.33 0.26
Median 7.08 8.58 1.03 1.56

Maximum 19.79 29.12 3.20 4.43

2003
Average 10.03 6.76 1.50 1.02

Minimum 1.37 2.18 0.33 0.24
Median 9.93 6.09 1.44 1.02

Maximum 24.18 18.64 2.75 1.75

2004
Average 6.06 7.04 0.97 1.00

Minimum 0.86 1.63 0.27 0.40
Median 5.71 6.68 0.92 0.93

Maximum 13.83 17.54 1.89 1.81

2005
Average 4.79 5.33 0.91 1.11

Minimum 1.39 1.74 0.32 0.39
Median 4.86 4.69 0.94 1.04

Maximum 10.78 11.16 1.81 2.79

2006
Average 4.37 4.18 0.88 0.84

Minimum 0.96 0.93 0.21 0.18
Median 3.83 3.51 0.83 0.85

Maximum 12.40 10.45 1.83 1.69

2007
Average 3.06 2.10 0.50 0.39

Minimum 0.72 0.40 0.14 0.08
Median 2.49 1.66 0.50 0.37

Maximum 9.29 6.95 0.88 0.69

Quotes Duration (min.)Trades Duration (min.)
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Figure 1: Variance Signature Plot of TLKM (second half of 2007) 

Average daily realized variance is constructed from mid-quotes using Calendar Time 
Sampling and Event Time Sampling Method. The data come from SIRCA.  
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Table 2: Descriptive Statistics of Daily Noise Standard Deviation and Daily Average Relative Spread  

The standard deviation of the noise components are the square root of half the sample second moments of the continuously compounded returns 
constructed at the highest frequency either from transactions or quotes data. The average bid-ask spreads (Spread) are the average differences between 
logarithmic Rupiah ask prices and logarithmic Rupiah bid prices at event time. The sample covers the half-year interval from 2000 to 2007. 
 

Average
I II I II I II I II I II I II I II I II

Spread
Average 0.0232 0.0161 0.0195 0.0277 0.0225 0.0252 0.0192 0.0205 0.0219 0.0182 0.0133 0.0148 0.0115 0.0102 0.0134 0.0109 0.0180

Minimum 0.0033 0.0035 0.0044 0.0053 0.0048 0.0063 0.0065 0.0052 0.0043 0.0040 0.0046 0.0050 0.0047 0.0035 0.0027 0.0027 0.0044
Median 0.0227 0.0148 0.0195 0.0220 0.0173 0.0195 0.0221 0.0206 0.0176 0.0160 0.0115 0.0109 0.0099 0.0097 0.0119 0.0104 0.0160

Maximum 0.0947 0.0347 0.0343 0.1576 0.1438 0.0880 0.0311 0.0388 0.1254 0.1239 0.0731 0.1079 0.0411 0.0192 0.0345 0.0197 0.0730
St.Dev. 0.0174 0.0080 0.0084 0.0288 0.0241 0.0214 0.0091 0.0097 0.0210 0.0193 0.0108 0.0164 0.0069 0.0038 0.0076 0.0047 0.0136

S.D. Noise
Trade

Average 0.0050 0.0042 0.0045 0.0050 0.0042 0.0048 0.0045 0.0049 0.0046 0.0040 0.0032 0.0033 0.0029 0.0026 0.0035 0.0032 0.0040
Minimum 0.0012 0.0008 0.0007 0.0011 0.0012 0.0016 0.0015 0.0014 0.0016 0.0014 0.0014 0.0014 0.0014 0.0013 0.0012 0.0014 0.0013

Median 0.0050 0.0040 0.0045 0.0048 0.0044 0.0049 0.0047 0.0055 0.0044 0.0041 0.0029 0.0028 0.0026 0.0023 0.0031 0.0029 0.0039
Maximum 0.0130 0.0078 0.0080 0.0112 0.0081 0.0082 0.0074 0.0085 0.0098 0.0072 0.0083 0.0082 0.0075 0.0050 0.0078 0.0055 0.0082

St.Dev. 0.0028 0.0019 0.0020 0.0027 0.0019 0.0023 0.0022 0.0022 0.0021 0.0015 0.0015 0.0016 0.0012 0.0009 0.0017 0.0012 0.0019

Quotes
Average 0.0032 0.0027 0.0030 0.0030 0.0025 0.0026 0.0024 0.0028 0.0027 0.0020 0.0020 0.0019 0.0017 0.0016 0.0020 0.0017 0.0024

Minimum 0.0010 0.0005 0.0005 0.0009 0.0009 0.0009 0.0008 0.0010 0.0011 0.0008 0.0008 0.0008 0.0008 0.0007 0.0006 0.0007 0.0008
Median 0.0033 0.0026 0.0030 0.0025 0.0025 0.0027 0.0026 0.0029 0.0024 0.0020 0.0018 0.0017 0.0016 0.0016 0.0017 0.0015 0.0023

Maximum 0.0055 0.0052 0.0059 0.0077 0.0050 0.0044 0.0040 0.0053 0.0049 0.0040 0.0040 0.0037 0.0033 0.0029 0.0053 0.0035 0.0047
St.Dev. 0.0013 0.0012 0.0014 0.0018 0.0010 0.0011 0.0011 0.0012 0.0012 0.0008 0.0008 0.0007 0.0006 0.0006 0.0012 0.0007 0.0011

Prev. Quotes
Average 0.0037 0.0033 0.0036 0.0036 0.0030 0.0031 0.0030 0.0034 0.0032 0.0024 0.0022 0.0022 0.0021 0.0018 0.0022 0.0018 0.0028

Minimum 0.0010 0.0005 0.0005 0.0009 0.0009 0.0010 0.0009 0.0011 0.0012 0.0008 0.0008 0.0008 0.0009 0.0007 0.0006 0.0007 0.0008
Median 0.0038 0.0032 0.0035 0.0033 0.0028 0.0030 0.0031 0.0031 0.0028 0.0023 0.0020 0.0019 0.0020 0.0017 0.0018 0.0016 0.0026

Maximum 0.0075 0.0078 0.0072 0.0089 0.0060 0.0056 0.0051 0.0064 0.0067 0.0049 0.0049 0.0053 0.0039 0.0037 0.0067 0.0039 0.0059
St.Dev. 0.0017 0.0017 0.0018 0.0021 0.0014 0.0015 0.0014 0.0016 0.0015 0.0010 0.0011 0.0010 0.0008 0.0008 0.0015 0.0008 0.0013

2004 2005 2006 20072000 2001 2002 2003

 

2596



 34

Table 3: Annual Standard Deviation of Noise Variance 

Noise variance is estimated from Proposition 1b described in text. Transaction, midquote at event time and midquote at transaction time are used to 
construct returns. The standard deviation of noise variance is square root of half the noise variance scaled to annual value. The averages presented are 
cross-sectional average. The data come from SIRCA database. 
 

Average
I II I II I II I II I II I II I II I II

Observations (day) 110 116 114 107 111 107 108 112 111 116 120 121 121 115 122 117 114

Companies 31 35 30 29 31 22 18 31 34 35 41 42 39 37 46 42 34

Duration (minute)
Quote 0.99 1.27 1.31 1.41 1.22 1.73 1.50 1.02 0.97 1.00 0.91 1.11 0.88 0.84 0.50 0.39 1
Trade 5.75 6.84 7.14 7.87 7.23 9.58 10.03 6.76 6.06 7.04 4.79 5.33 4.37 4.18 3.06 2.10 6

ηtrade (% p.a.)
Average 10.77 9.13 9.81 10.67 9.13 10.42 9.86 10.67 9.97 8.58 6.97 7.17 6.45 5.76 7.73 6.92 8.50

Minimum 2.63 1.67 1.65 2.48 2.60 3.50 3.23 2.99 3.47 2.97 3.01 3.14 3.16 2.80 2.77 3.08 1.65
Median 10.87 8.75 9.96 10.51 9.61 10.71 10.26 12.02 9.62 9.04 6.44 6.07 5.71 5.09 6.80 6.43 7.78

Maximum 28.34 17.24 17.53 23.96 17.70 17.79 16.19 18.65 19.88 15.01 17.97 17.78 16.49 10.57 17.02 12.04 28.34
St.Dev. 5.90 4.12 4.45 5.62 4.08 4.89 4.87 4.81 4.45 3.16 3.16 3.49 2.64 1.96 3.70 2.56 4.26

ηquote (% p.a.)
Average 6.84 5.91 6.61 6.45 5.55 5.64 5.28 6.12 5.76 4.37 4.29 4.11 3.76 3.48 4.33 3.72 5.00

Minimum 2.25 1.00 1.18 2.05 1.91 2.03 1.77 2.26 2.34 1.64 1.78 1.76 1.80 1.55 1.28 1.51 1.00
Median 7.15 5.65 6.59 5.38 5.53 5.80 5.71 6.32 5.30 4.35 4.03 3.74 3.58 3.55 3.67 3.24 4.48

Maximum 11.94 11.01 12.96 16.53 10.76 9.60 8.82 11.53 10.52 8.46 8.85 8.15 7.35 6.38 11.59 7.31 16.53
St.Dev. 2.83 2.65 3.03 3.74 2.28 2.35 2.28 2.69 2.57 1.77 1.77 1.60 1.33 1.33 2.56 1.56 2.52

ηprevquote (% p.a.)
Average 7.96 7.22 7.88 7.83 6.57 6.73 6.49 7.32 6.92 5.29 4.92 4.82 4.55 3.85 4.79 4.01 5.88

Minimum 2.24 1.00 1.16 1.95 1.84 2.13 1.95 2.44 2.56 1.78 1.82 1.84 1.96 1.59 1.33 1.55 1.00
Median 8.16 6.91 7.77 7.29 6.04 6.41 6.80 6.80 6.14 5.06 4.38 4.25 4.31 3.74 4.00 3.53 5.15

Maximum 16.20 16.21 15.87 19.11 13.06 12.18 11.04 13.90 13.57 10.32 10.63 11.17 8.71 7.80 14.76 8.03 19.11
St.Dev. 3.60 3.62 3.89 4.39 2.96 3.25 3.04 3.43 3.22 2.21 2.37 2.23 1.78 1.68 3.22 1.73 3.23

2000 2001 2002 2003 2004 2005 2006 2007
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Table 4: Annual Standard Deviation of Noise Variance by Price Change Faction: Transactions Data 

Noise variance is estimated from Proposition 1b described in text. Transaction, midquote at event time and midquote at transaction time are used to 
construct returns. The standard deviation of noise variance is square root of half the noise variance scaled to annual value. The averages presented are 
half-yearly average for each company in the sample.  
 

Average
I II I II I II I II I II I II I II I II

P >= 5000
Average 2.82 3.83 2.98 4.04 5.20 4.64 3.50 3.60 5.28 4.05 3.97 4.57 4.17 3.91 4.11 4.05 4.09

Minimum 2.63 2.64 2.71 2.80 2.60 3.50 3.23 2.99 3.47 2.97 3.01 3.14 3.16 2.80 2.77 3.08 2.60
Median 2.74 3.16 2.79 3.42 4.30 3.54 3.50 3.60 4.15 4.08 3.96 5.11 4.40 3.95 3.57 3.84 3.61

Maximum 3.15 6.38 3.43 6.51 9.61 6.87 3.77 4.19 10.01 5.37 4.94 5.49 4.73 5.09 5.50 5.53 10.01
St.Dev. 0.23 1.72 0.39 1.68 3.30 1.93 0.38 0.63 2.69 0.89 0.87 1.00 0.65 0.84 1.07 0.94 1.37

Companies 4 4 3 4 4 3 2 4 5 5 4 5 6 8 9 10 5

2000 <= P < 5000
Average 8.41 5.33 4.93 4.59 5.50 5.03 5.01 3.80 5.99 5.37 5.30 5.09 4.80 4.87 4.97 5.54 5.44

Minimum 3.81 1.67 1.65 2.48 2.99 3.83 3.25 3.34 4.63 3.77 4.19 3.81 4.03 3.79 4.47 4.53 1.65
Median 7.68 3.56 5.16 4.81 4.75 5.00 4.77 3.37 5.31 5.16 5.07 4.97 4.93 4.67 4.97 5.45 5.03

Maximum 15.55 10.96 7.75 6.27 9.79 6.18 7.74 4.69 8.62 7.23 6.94 6.60 5.71 6.43 5.46 7.44 15.55
St.Dev. 4.07 3.69 2.55 1.68 2.66 1.10 1.67 0.77 1.66 1.50 0.76 0.83 0.58 0.87 0.44 0.97 2.08

Companies 10 5 4 4 6 5 5 3 6 6 11 11 10 8 4 7 7

500 <= P < 2000
Average 13.14 9.97 11.51 11.21 11.62 13.34 11.78 13.36 11.90 10.03 6.16 6.75 6.99 6.76 6.27 6.92 9.18

Minimum 6.71 8.02 6.71 9.14 7.92 9.00 8.08 7.71 8.60 6.54 3.65 3.63 4.00 4.11 4.34 4.67 3.63
Median 12.31 8.82 10.84 10.74 11.01 13.83 11.99 13.42 10.44 9.76 6.62 6.57 7.01 6.94 6.34 6.68 8.43

Maximum 19.70 15.27 17.53 14.14 17.70 16.69 15.08 18.65 18.31 15.01 7.62 9.94 10.55 10.57 8.35 10.35 19.70
St.Dev. 3.53 2.46 3.14 1.85 3.63 3.20 3.41 3.88 3.14 2.29 1.26 1.83 1.86 1.86 1.28 1.79 3.64

Companies 16 10 11 5 6 4 4 11 13 10 16 17 18 18 14 11 12

P < 500
Average 28.34 11.13 11.60 13.68 10.63 13.69 14.05 12.16 12.21 10.55 11.32 11.93 10.55 7.11 11.10 9.66 11.65

Minimum 28.34 5.52 6.86 5.83 4.66 9.50 10.80 6.78 6.27 8.43 7.54 7.45 7.55 4.30 5.52 7.78 4.30
Median 28.34 10.28 10.89 12.92 10.58 14.36 14.26 13.09 11.10 10.40 10.19 11.58 8.85 8.28 10.17 9.30 10.94

Maximum 28.34 17.24 17.28 23.96 17.55 17.79 16.19 15.42 19.88 13.39 17.97 17.78 16.49 8.74 17.02 12.04 28.34
St.Dev. - 3.69 3.71 5.06 3.32 2.86 1.86 2.76 4.57 1.72 3.35 4.29 3.66 2.44 3.28 1.30 3.75

Companies 1 16 12 16 15 10 7 13 10 14 10 9 5 3 19 14 11

2004 2005 2006 20072000 2001 2002 2003
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Table 5: Annual Standard Deviation of Noise Variance by Price Change Faction: Midprices Data (Quotes at event time) 

Noise variance is estimated from Proposition 1b described in text. Transaction, midquote at event time and midquote at transaction time are used to 
construct returns. The standard deviation of noise variance is square root of half the noise variance scaled to annual value. The averages presented are 
half-yearly average for each company in the sample. 

Average
I II I II I II I II I II I II I II I II

P >= 5000
Average 2.58 3.15 2.34 3.14 3.72 3.16 2.43 2.52 3.18 2.49 2.52 2.57 2.47 2.45 2.27 2.38 2.65

Minimum 2.25 2.27 2.12 2.21 2.01 2.29 2.36 2.34 2.34 1.64 2.35 1.76 2.12 1.55 1.28 1.51 1.28
Median 2.59 2.61 2.22 2.62 3.56 2.74 2.43 2.43 2.43 2.43 2.45 2.95 2.20 2.19 2.18 2.37 2.44

Maximum 2.87 5.12 2.67 5.09 5.74 4.45 2.51 2.87 5.32 3.38 2.82 2.99 3.19 3.70 2.95 3.19 5.74
St.Dev. 0.26 1.32 0.29 1.31 1.81 1.14 0.10 0.24 1.28 0.67 0.21 0.56 0.47 0.82 0.65 0.59 0.85

Companies 4 4 3 4 4 3 2 4 5 5 4 5 6 8 9 10 5

2000 <= P < 5000
Average 5.78 2.64 3.58 2.75 3.65 3.09 3.13 2.68 3.92 3.09 3.52 3.39 3.14 2.82 2.74 2.61 3.41

Minimum 2.62 1.00 1.18 2.05 2.06 2.03 1.77 2.26 2.82 2.16 2.53 2.40 2.43 1.93 1.89 1.55 1.00
Median 6.25 2.35 3.71 2.50 3.06 2.93 2.86 2.68 3.95 2.88 3.51 3.38 3.06 2.37 2.54 2.58 3.04

Maximum 10.06 4.73 5.72 3.97 6.98 4.39 5.29 3.11 5.01 4.41 4.67 4.79 4.06 4.31 3.97 4.72 10.06
St.Dev. 2.32 1.37 2.21 0.88 1.83 0.85 1.30 0.43 0.88 0.90 0.64 0.71 0.55 0.91 0.89 1.09 1.42

Companies 10 5 4 4 6 5 5 3 6 6 11 11 10 8 4 7 7

500 <= P < 2000
Average 8.54 5.75 7.53 6.28 7.30 6.56 6.75 6.80 6.73 4.77 3.86 3.95 4.30 4.00 3.46 3.86 5.35

Minimum 5.16 3.67 3.40 4.29 4.86 5.22 4.48 2.83 3.01 2.48 1.78 2.33 1.80 1.95 2.38 2.44 1.78
Median 7.78 5.62 7.40 6.63 6.81 6.75 7.03 6.49 6.09 4.78 4.20 3.96 4.46 3.92 3.54 3.60 4.97

Maximum 11.94 9.34 10.69 8.62 10.76 7.52 8.45 9.93 10.52 7.58 5.46 5.90 7.35 6.15 4.65 5.17 11.94
St.Dev. 2.03 1.55 2.19 1.66 2.42 1.14 1.84 2.09 2.54 1.57 1.12 1.13 1.41 1.13 0.75 0.96 2.27

Companies 16 10 11 5 6 4 4 11 13 10 16 17 18 18 14 11 12

P < 500
Average 7.40 7.71 7.86 8.25 6.10 7.30 6.79 7.45 6.91 5.30 6.54 6.16 4.64 4.87 6.28 5.12 6.66

Minimum 7.40 4.17 4.59 3.72 1.91 4.30 5.37 4.48 2.89 2.21 3.30 3.74 3.01 2.56 2.99 2.88 1.91
Median 7.40 7.58 6.94 7.78 6.15 7.40 6.68 7.93 6.32 5.46 6.86 5.67 4.37 5.68 4.89 5.10 6.37

Maximum 7.40 11.01 12.96 16.53 8.92 9.60 8.82 11.53 10.31 8.46 8.85 8.15 6.32 6.38 11.59 7.31 16.53
St.Dev. - 2.13 2.76 3.84 1.72 1.66 1.12 2.20 2.40 1.69 1.81 1.70 1.22 2.04 2.90 1.41 2.43

Companies 1 16 12 16 15 10 7 13 10 14 10 9 5 3 19 14 11

2004 2005 2006 20072000 2001 2002 2003
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Table 6: Annual Standard Deviation of Noise Variance by Price Change Faction: Midprices Data (Prevailing Quotes) 

Noise variance is estimated from Proposition 1b described in text. Transaction, midquote at event time and midquote at transaction time are used to 
construct returns. The standard deviation of noise variance is square root of half the noise variance scaled to annual value. The averages presented are 
half-yearly average for each company in the sample. 
 

Average
I II I II I II I II I II I II I II I II

P >= 5000
Average 2.68 3.71 2.49 3.57 4.84 4.01 2.87 2.87 3.85 2.76 2.77 2.91 2.82 2.62 2.39 2.55 2.99

Minimum 2.24 2.40 2.33 2.35 2.09 2.52 2.60 2.63 2.56 1.78 2.53 1.84 2.32 1.59 1.33 1.55 1.33
Median 2.71 2.77 2.33 2.82 4.38 2.94 2.87 2.73 2.81 2.65 2.66 3.21 2.47 2.50 2.55 2.63 2.69

Maximum 3.04 6.91 2.81 6.28 8.50 6.57 3.14 3.39 7.58 3.86 3.25 3.67 3.86 3.92 3.14 3.43 8.50
St.Dev. 0.35 2.14 0.28 1.82 3.13 2.23 0.39 0.35 2.13 0.83 0.33 0.79 0.65 0.88 0.69 0.65 1.31

Companies 4 4 3 4 4 3 2 4 5 5 4 5 6 8 9 10 5

2000 <= P < 5000
Average 6.79 3.06 4.50 3.00 4.32 3.51 3.69 2.91 4.57 3.55 3.85 3.78 3.68 3.04 2.87 2.84 3.89

Minimum 2.67 1.00 1.16 1.95 2.01 2.13 1.95 2.44 3.06 2.35 2.57 2.55 2.74 1.98 1.92 1.63 1.00
Median 7.35 2.61 4.58 2.60 3.39 3.18 3.27 2.82 4.78 3.35 3.92 3.77 3.59 2.53 2.59 2.70 3.46

Maximum 11.84 5.78 7.67 4.84 9.56 5.34 6.92 3.46 5.72 5.20 5.00 5.33 4.82 4.91 4.36 5.41 11.84
St.Dev. 3.04 1.80 3.21 1.31 2.82 1.18 1.88 0.51 1.03 1.17 0.78 0.87 0.72 1.12 1.06 1.30 1.87

Companies 10 5 4 4 6 5 5 3 6 6 11 11 10 8 4 7 7

500 <= P < 2000
Average 9.93 7.11 9.13 7.93 8.71 7.21 8.13 8.04 8.01 5.81 4.20 4.47 5.17 4.55 3.61 4.13 6.24

Minimum 5.65 4.32 3.82 5.51 5.36 4.23 5.34 3.49 3.52 2.98 1.82 2.43 1.96 2.11 2.42 2.70 1.82
Median 9.07 6.70 8.40 8.83 8.76 6.21 8.07 7.50 7.57 5.87 4.58 4.48 5.39 4.07 3.40 3.85 5.65

Maximum 16.20 12.73 14.19 9.68 13.06 12.18 11.04 12.09 13.15 9.52 5.95 7.29 8.71 7.80 5.00 5.85 16.20
St.Dev. 2.78 2.23 3.03 2.00 2.86 3.45 2.92 2.75 3.25 2.08 1.29 1.38 1.90 1.60 0.83 1.03 2.95

Companies 16 10 11 5 6 4 4 11 13 10 16 17 18 18 14 11 12

P < 500
Average 9.33 9.46 9.20 10.08 7.07 8.97 8.58 9.11 8.44 6.56 8.11 7.83 6.10 5.10 7.22 5.54 8.02

Minimum 9.33 4.49 4.83 3.99 1.84 5.10 6.68 5.26 4.92 4.23 3.49 4.14 5.04 2.29 3.03 3.06 1.84
Median 9.33 8.71 8.33 9.19 6.47 8.93 8.46 9.83 7.71 6.56 8.36 8.84 5.48 6.02 5.06 5.38 7.80

Maximum 9.33 16.21 15.87 19.11 10.84 11.68 11.02 13.90 13.57 10.32 10.63 11.17 8.36 6.99 14.76 8.03 19.11
St.Dev. . 3.24 3.62 4.18 2.38 2.23 1.34 2.76 2.86 1.79 2.41 2.47 1.37 2.48 3.74 1.63 3.09

Companies 1 16 12 16 15 10 7 13 10 14 10 9 5 3 19 14 11

2004 2005 2006 20072000 2001 2002 2003
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Table 7: Regression of Standard Deviation of the Noise Component on the Corresponding (average) Spread 

The table contains the result of a regression of the logarithmic standard deviations of the noise components of the midquotes of the 50 most frequently 
traded stocks in the Indonesia Stock Exchange on the corresponding logarithmic average bid-ask spread (Spread). The standard deviation of the noise 
components are the square root of half the sample second moments of the quote-to-quote continuously compounded returns. The average bid-ask 
spreads are the average differences between logarithmic Rupiah ask prices and logarithmic Rupiah bid prices. The sample covers the half-year interval 
from 2000 to 2007. 
 

    I    II     I    II     I    II     I    II     I    II     I    II     I    II     I    II
Trades

Intercept -2.31 -1.76 -1.41 -2.61 -2.85 -2.65 -1.45 -1.74 -3.49 -3.03 -2.61 -3.16 -2.75 -2.58 -2.19 -2.40
(-19.99) (-9.43) (-5.45) (-9.12) (-9.32) (-9.02) (-5.48) (-8.43) (-9.29) (-10.16) (-13.45) (-11.88) (-11.27) (-7.4) (-15.24) (-13.28)

Avg.Spread 0.78 0.90 1.02 0.74 0.68 0.71 1.00 0.92 0.49 0.61 0.72 0.60 0.69 0.73 0.80 0.74
(27.96) (20.77) (16.19) (10.2) (9.11) (9.76) (15.65) (18.14) (5.41) (8.76) (16.76) (10.07) (13.01) (9.85) (24.99) (19.11)

R2 96.42 92.89 90.35 79.41 74.12 82.66 93.87 91.90 47.78 69.95 87.80 71.70 82.07 73.51 93.42 90.12
Quotes at event time

Intercept -3.70 -2.52 -2.13 -3.72 -3.85 -4.07 -2.77 -3.21 -4.44 -5.10 -3.95 -4.24 -4.19 -3.08 -2.88 -3.30
(-15.82) (-9.02) (-6.11) (-9.44) (-11.42) (-10.46) (-8.93) (-8.7) (-10.77) (-10.39) (-9.72) (-14.52) (-10.21) (-5.95) (-8.8) (-8.59)

Avg.Spread 0.54 0.82 0.94 0.58 0.55 0.50 0.82 0.69 0.39 0.28 0.53 0.48 0.49 0.74 0.78 0.68
(9.43) (12.69) (11.01) (5.82) (6.68) (5.15) (10.91) (7.62) (3.92) (2.44) (5.86) (7.3) (5.5) (6.64) (10.8) (8.29)

R2 75.40 83.00 81.24 55.65 60.61 57.04 88.16 66.70 32.40 15.26 46.82 57.16 44.95 55.75 72.62 63.21
Prevailing quotes

Intercept -3.33 -1.92 -1.64 -3.05 -3.60 -4.17 -2.37 -2.94 -3.98 -4.19 -3.35 -3.60 -3.47 -2.76 -2.54 -3.21
(-12.75) (-6.48) (-4.11) (-8.68) (-8.22) (-7.81) (-5.76) (-7.07) (-9.88) (-9.21) (-7.74) (-12) (-8.26) (-4.49) (-7.01) (-7.98)

Avg.Spread 0.60 0.92 1.02 0.70 0.57 0.44 0.87 0.71 0.46 0.45 0.64 0.59 0.61 0.79 0.84 0.69
(9.4) (13.48) (10.53) (7.93) (5.38) (3.3) (8.79) (7) (4.74) (4.27) (6.62) (8.77) (6.67) (5.99) (10.48) (7.97)

R2 75.27 84.63 79.83 69.95 79.92 35.20 82.83 62.85 41.21 35.60 52.93 65.77 54.61 50.60 71.40 61.34

2004 2005 2006 20072000 2001 2002 2003
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Table 8: Optimal Sampling Interval 

The optimal sampling intervals are estimated using Eq. (11) from transactions, quotes at event time and quotes at transaction time. Dt, Dq, and Dpq are 
optimal sampling intervals for returns series constructed using transactions, quotes at event time and quotes at transaction time, respectively. Stocks are 
classified by the following price faction : 1) more than 5,000 rupiah (P>= 5,000), 2) between 2000 to 5000 rupiah (2000 <= P < 5000), 3) between 500 
to 2000 rupiah (500 <= P < 2000) and 4) less than 500 rupiah (P < 500). 
 

Average
I II I II I II I II I II I II I II I II

Dt (minutes)
P >= 5000 5.09 6.55 5.97 7.98 11.13 9.36 11.30 8.18 11.53 12.61 10.09 12.30 10.15 10.98 11.97 7.35 9.53

2000 <= P < 5000 12.78 12.73 14.28 14.35 11.23 8.57 11.99 12.41 15.13 17.52 13.07 11.94 9.98 15.79 9.88 9.80 12.59
500 <= P < 2000 19.72 18.56 19.26 21.37 22.52 20.09 23.24 23.39 21.99 23.61 13.00 16.50 15.70 17.50 13.53 12.46 18.90

P < 500 29.38 19.06 18.78 22.06 19.25 22.99 24.41 20.57 23.08 21.12 20.92 19.67 19.39 17.10 17.95 14.55 20.64
Average 15.91 16.58 17.08 18.94 17.29 17.33 19.24 19.18 19.56 20.00 14.67 15.48 13.85 15.69 14.73 11.50 16.69

Dq (minutes)
P >= 5000 4.38 4.88 4.08 5.58 6.66 6.13 7.60 5.24 5.97 6.67 5.68 5.44 5.03 5.86 5.55 3.55 5.52

2000 <= P < 5000 8.18 5.83 10.02 8.40 6.28 4.23 7.07 7.76 8.68 8.36 7.56 6.82 5.77 7.78 4.37 3.89 6.94
500 <= P < 2000 11.78 9.01 11.44 9.78 12.18 10.11 10.94 10.31 10.58 9.71 7.12 8.17 8.59 9.43 6.15 5.72 9.44

P < 500 6.23 11.54 11.61 12.09 9.89 11.77 10.60 11.10 10.96 9.64 10.84 8.81 7.71 9.79 8.22 6.08 9.80
Average 9.48 9.24 10.58 10.28 9.22 8.98 9.36 9.74 9.68 9.02 8.01 7.63 7.21 8.33 6.73 5.02 8.66

Dpq (minutes)
P >= 5000 4.69 5.99 4.53 6.58 9.53 7.71 9.27 6.68 7.58 7.59 6.45 6.76 5.90 6.35 5.86 3.86 6.58

2000 <= P < 5000 10.12 7.10 13.94 9.60 7.95 4.98 8.81 8.61 10.57 10.20 8.37 7.72 7.16 8.86 4.54 4.32 8.30
500 <= P < 2000 14.79 12.43 15.48 14.01 16.61 12.13 15.37 13.66 14.18 12.39 7.95 9.41 11.32 10.73 6.45 6.35 12.08

P < 500 8.59 15.72 14.71 16.79 12.38 15.80 15.55 14.91 14.45 12.90 14.05 12.26 10.74 10.09 9.84 6.72 12.84
Average 11.78 12.44 13.87 13.91 11.97 11.57 12.94 12.79 12.65 11.53 9.40 9.27 9.34 9.33 7.57 5.54 10.99

2004 2005 2006 20072000 2001 2002 2003
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Table 9: Correlation of Optimal Sampling and the Noise-to-signal Ratios 

Noise-to-signal ratio is ratio between the Variance of Noise Process and the Average Integrated Variance of the Efficient Price. Returns series are 
constructed using transaction, quote at event time or quote at transaction time. The variance of the noise components are the half of the sample second 
moments of the returns series. The optimally sampled realized variances are computed by summing squared continuously compounded returns at 
optimal sample interval. 
 

Average
I II I II I II I II I II I II I II I II

Corrt (%) 90.98 93.50 95.13 94.22 96.08 80.87 94.23 94.54 93.18 91.47 90.15 94.11 95.79 95.40 93.11 93.04 92.86

Corrq (%) 92.94 89.62 90.16 89.70 86.36 89.90 92.53 87.78 93.13 93.93 92.26 88.76 92.92 61.06 93.38 88.72 88.95

Corrq (%) 94.28 96.03 91.71 82.86 86.46 88.04 94.33 90.48 96.48 88.51 92.46 93.92 94.81 67.92 94.28 92.94 90.34

2004 2005 2006 20072000 2001 2002 2003
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Table 10: Average Efficient Variance 

The efficient variance is estimated from optimally sampled daily realized variances based on continuously compounded returns constructed using 
transactions (t), quote at event time (q) and quote at transaction time (pq). Stocks are classified by the following price faction : 1) more than 5,000 
rupiah (P>= 5,000), 2) between 2000 to 5000 rupiah (2000 <= P < 5000), 3) between 500 to 2000 rupiah (500 <= P < 2000) and 4) less than 500 rupiah 
(P < 500). Open-to-close variance is presented with oc subscript. Variance ratio is ratio between efficient to open-to-close variance. 
 

Average
I II I II I II I II I II I II I II I II

V*t(% p.a.)
P >= 5000 68.55 58.61 60.15 65.50 59.34 59.73 44.01 48.33 62.08 48.40 47.30 53.00 61.80 52.79 56.65 70.38 57.29

2000 <= P < 5000 96.32 57.41 49.47 53.52 67.15 76.57 61.11 46.72 58.45 47.35 57.18 62.22 64.02 51.30 71.62 81.55 62.62
500 <= P < 2000 119.01 79.48 90.47 85.24 82.15 106.66 88.34 96.67 89.66 70.84 72.28 62.31 70.62 63.52 75.50 82.13 83.43

P < 500 168.29 89.99 95.52 93.07 85.40 100.05 94.78 99.60 85.12 76.51 89.09 95.58 96.01 60.78 106.52 113.36 96.86
Average 106.77 78.75 83.99 82.46 77.88 90.42 78.36 86.83 78.76 65.87 69.89 68.31 70.83 58.33 84.29 89.64 79.46

V*q(% p.a.)
P >= 5000 71.10 62.36 60.22 65.44 58.38 58.65 44.48 46.96 62.29 49.04 47.10 52.63 61.46 50.78 53.98 68.33 57.08

2000 <= P < 5000 97.66 58.50 52.13 54.73 66.94 76.07 59.44 46.15 58.80 48.12 55.42 61.48 63.11 49.93 70.36 79.35 62.39
500 <= P < 2000 128.00 81.42 94.50 90.80 86.22 98.67 82.97 91.34 88.08 67.16 69.65 61.71 69.11 59.83 71.94 79.86 82.58

P < 500 195.49 93.25 99.05 91.88 82.98 100.98 92.30 99.39 91.43 75.47 88.36 87.49 77.13 59.33 100.70 110.27 96.59
Average 113.05 81.37 87.24 82.92 77.33 89.13 75.79 84.62 80.11 64.63 68.20 66.09 67.43 55.69 80.17 87.17 78.81

V*pq (% p.a.)
P >= 5000 70.39 60.09 60.24 66.37 59.63 59.31 42.88 47.11 61.41 47.05 47.45 51.46 61.67 50.97 55.59 67.51 56.82

2000 <= P < 5000 94.26 55.56 51.74 52.66 68.57 74.73 57.57 46.15 59.02 47.78 56.52 61.48 63.64 49.42 69.40 79.03 61.72
500 <= P < 2000 120.61 78.03 91.69 88.50 82.13 95.08 76.10 88.47 84.28 65.77 68.45 61.66 68.03 59.35 71.58 79.90 79.98

P < 500 177.06 90.36 94.39 89.38 82.49 94.95 87.47 97.90 90.05 70.90 86.73 86.55 77.86 61.68 102.70 108.17 93.66
Average 107.45 78.41 84.30 80.99 76.78 85.52 71.68 82.99 78.16 62.06 67.66 65.73 67.19 55.58 81.12 86.23 76.99

V*oc (% p.a.)
P >= 5000 44.21 37.79 35.68 36.13 39.68 34.90 24.70 31.71 39.53 26.24 27.70 30.81 35.30 29.57 32.19 39.38 34.10

2000 <= P < 5000 58.50 32.71 28.98 31.16 43.60 46.25 34.88 27.42 35.43 25.39 33.51 39.51 38.82 29.19 43.04 45.20 37.10
500 <= P < 2000 73.09 44.70 59.20 55.49 49.13 74.23 49.22 54.92 48.52 39.28 41.12 42.32 41.59 36.17 45.44 47.18 50.10

P < 500 142.87 63.14 59.50 60.60 54.18 61.86 54.14 59.71 66.54 51.33 56.16 60.42 48.20 33.61 71.28 68.61 63.26
Average 66.91 50.63 52.94 52.28 49.28 56.89 44.42 51.27 50.19 39.86 41.44 44.09 40.76 33.03 53.31 52.13 48.71

Average Daily VR
V*t/Voc 1.168 1.147 1.161 1.203 1.187 1.190 1.269 1.221 1.200 1.256 1.231 1.143 1.232 1.279 1.220 1.260 1.210

(4.35) (3.58) (4.63) (2.11) (3.38) (2.88) (4.33) (6.9) (2.36) (2.92) (6.6) (3.15) (2.94) (5.11) (4.98) (7.53) (4.23)
V*q/Voc 1.238 1.185 1.233 1.216 1.176 1.170 1.235 1.178 1.198 1.230 1.195 1.125 1.175 1.220 1.157 1.222 1.197

(6.25) (3.89) (4.44) (2.81) (3.05) (2.41) (2.86) (2.93) (2.78) (2.57) (5.87) (2.38) (3.78) (4.89) (3.93) (7.47) (3.89)
V*pq/Voc 1.182 1.144 1.200 1.190 1.165 1.131 1.165 1.158 1.173 1.182 1.188 1.114 1.171 1.218 1.165 1.209 1.172

(4.24) (3.53) (4.36) (2.04) (2.8) (2.09) (2.68) (3.33) (2.83) (2.33) (5.04) (2.47) (5.58) (4.88) (4.27) (7.42) (3.74)

2004 2005 2006 20072000 2001 2002 2003
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Table 11: Regression of the Noise Standard Deviation on the Standard Deviation of Efficient Price Variance 

The table presents outcome from regression of noise standard deviation against the standard deviation of efficient price variance ( *V )  The standard 
deviation of the noise components are the square root of half the sample second moments of the quote-to-quote continuously compounded returns. The 
standard deviation of efficient price variance is square root of the average daily realized variance sampled at optimal frequency. 
 

    I    II     I    II     I    II     I    II     I    II     I    II     I    II     I    II
Trades

Intercept -0.0028 -0.0017 -0.0003 -0.0011 -0.0030 -0.0001 -0.0017 -0.0007 -0.0013 -0.0012 -0.0015 -0.0008 -0.0004 -0.0003 -0.0009 -0.0009
(-3.00) (-1.85) (-0.34) (-1.25) (-3.22) (-0.06) (-1.42) (-1.12) (-1.91) (-2.15) (-3.18) (-1.45) (-0.61) (-0.76) (-2.07) (-1.85)

0.1566 0.1636 0.1257 0.1598 0.2024 0.1170 0.1745 0.1396 0.1635 0.1701 0.1479 0.1298 0.1028 0.1106 0.1152 0.0986
(8.82) (6.56) (5.12) (7.03) (7.82) (4.14) (5.29) (9.92) (8.86) (9.45) (10.09) (7.93) (5.57) (7.34) (10.75) (8.79)

R2 96.42 92.89 90.35 79.41 74.12 82.66 93.87 91.90 47.78 69.95 87.80 71.70 82.07 73.51 93.42 90.12
Quotes at event time

Intercept 0.0001 -0.0010 -0.0004 -0.0020 -0.0011 0.0015 -0.0009 -0.0001 -0.0004 -0.0007 -0.0002 -0.0003 0.0006 0.0000 -0.0010 -0.0004
(0.19) (-1.52) (-0.63) (-2.8) (-2.19) (1.96) (-1.45) (-0.25) (-0.87) (-1.61) (-0.68) (-0.94) (1.5) (0.13) (-3.57) (-1.04)

0.0584 0.0989 0.0864 0.1303 0.1027 0.0275 0.0951 0.0744 0.0840 0.0906 0.0699 0.0707 0.0356 0.0607 0.0820 0.0517
(5.43) (5.9) (5.37) (7.24) (7.47) (1.58) (5.6) (9.77) (6.37) (6.5) (7.01) (8.2) (2.7) (4.43) (11.12) (6.17)

R2 50.42 51.34 50.74 66.03 65.79 11.09 66.23 76.71 55.90 56.12 55.74 62.72 16.45 35.97 73.75 48.80
Prevailing quotes

Intercept -0.0001 -0.0019 -0.0009 -0.0010 -0.0013 0.0016 -0.0010 -0.0004 -0.0012 -0.0014 -0.0010 -0.0008 0.0005 -0.0006 -0.0013 -0.0006
(-0.08) (-2.02) (-0.9) (-1.11) (-1.58) (1.45) (-1.01) (-0.82) (-2.06) (-2.95) (-2.31) (-1.79) (0.9) (-1.39) (-3.19) (-1.58)

0.0754 0.1441 0.1158 0.1242 0.1230 0.0379 0.1199 0.0977 0.1230 0.1330 0.1038 0.0986 0.0505 0.0914 0.0943 0.0612
(4.61) (5.77) (4.83) (5.28) (5.32) (1.41) (4.26) (9) (7.63) (8.42) (7.98) (7.27) (2.71) (5.9) (9.11) (6.8)

R2 42.31 50.21 45.47 50.84 49.43 9.08 53.09 73.62 64.56 68.26 62.03 56.95 16.53 49.89 65.35 53.62

2004 2005 2006 20072000 2001 2002 2003

*V

*V

*V
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1. Introduction 

A strong positive correlation between firm size and executive pay has become one of 

the most highly documented facts in the area of executive compensation for many 

decades over many countries.1  In particular, executive pay increases in the size of the 

firm with approximately a one-third higher pay level for each doubling of firm size.  

However, the reasons for this are not well understood. One of our aims is to help 

explain these peculiar findings.    

In this paper, we present an integrated agency model of career concerns and labor 

market equilibrium, in which both executive pay levels and incentive contracts are 

endogenously determined.  Then, we provide empirical results supporting our model 

by using panel data for 1992-2006 exclusive of time factors. 

It is well known in the existing agency literature that the expected pay of an agent is 

the sum of the agent reservation certainty equivalent wealth and compensation for 

effort production.  However, the literature typically assumes the agent’s reservation 

utility as an exogenous parameter, and thus it does not provide a model that can be 

used to compare different executive pay levels across firms with different sizes. We 

build a principal-agent model with reservation utility levels endogenously determined 

though labor market competition.   

                                                 
1 See, for example, Roberts (1956), Lewellen and Huntsman (1970), Cosh (1975), Murphy (1985), 

Baker, Jensen, and Murphy (1988), Kostiuk (1990), Barro and Barro (1990), Rosen (1992), Joskow et 

al (1993), Rose and Shepard (1997), and Frydman and Saks (2007). Their findings suggest that a 100 

percent larger firm will pay its CEO about thirty-three percent more. Zhou (1999) finds a positive 

correlation between executive pay and firm size for Canadian firms. Kaplan (1997), Kato (1997) and 

Kato and Kubo (2006) find a similar result for Japanese firms; Cosh and Hughes (1997) and Conyon 

(1997), McKnight, and Tomkins (1999) and Conyon and Murphy (2000) for British firms; and 

Merhabi, Pattenden, Swan and Zhou (2006) for Australian firms. 
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Our model is based on a two-period economy consisting of two firms of different 

sizes and two agents with unknown talent levels drawn from two different 

distributions.  In each period, the two firms compete with each other to hire the better 

of the two agents, and consequently, agent reservation utility/pay levels are 

endogenously determined.  For each period, each firm signs a contract with one agent 

chosen from two candidates with unknown abilities.  After the first period, each firm 

again makes its hiring decision for the second period.  The hiring decision will be 

made with each agent’s past performance record taken into account.  His past record 

would provide each agent with differing negotiating power for second-period 

contracting, and thus a different reservation utility level.  In our framework we would 

expect to see quite different pay outcomes depending on firm size and “manager 

reputation” based on track record.  

We argue that in executive labor-market equilibrium, reservation wealth is made up of 

compensation for wealth creation due to the agent’s effort and talent had he been 

hired by the small (reference) firm plus compensation for any future job-market 

disadvantages he may face because of his working for the current firm.  We believe 

ours to be the first estimable agency model to explicitly include managerial talent. 

The endogenous reservation wealth levels enable us to characterize hiring decisions 

by the firms, and to explicitly compute the managerial pay differential between the 

small and large firms.  Recall that the matching literature (e.g., Gabaix and Landier 

(2008)) a priori assumes that large firms (or firms with better production 

technologies) hire managers with superior abilities, and argues that there should be a 

positive relationship between pay and firm size because large firms hire managers 

with superior talent who thus “deserve” higher pay (e.g., Rosen (1982)). However, in 

our agency world, a large firm (with better production technology) may not always be 
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willing to hire a high expected ability manager if there is too high a level of 

uncertainty in ability, because this uncertainty hurts work incentives.  We argue that 

even when a large firm hires a low-ability manager, the expected pay for the low-

ability manager can be higher than that for a high-ability manager who is hired by a 

small firm, if the large firm’s productivity and size are sufficiently higher and larger 

than those of the small firm. Thus large firms can in equilibrium hire low-ability 

CEOs but pay them as if they were high-ability CEOs. Our empirical findings support 

this hypothesis.  In fact, we find that on average the CEOs of large firms are of only 

slightly higher ability than those of small firms, holding the technology of the two 

firm types the same, yet are paid far more. Augmenting the higher mean ability of 

large firm managers is reduced talent dispersion which in turn is particularly 

advantageous for large firms. 

In order to empirically test our theoretical result, we estimate the stochastic CEO 

production function measuring the ability of CEOs to convert total assets under 

management at the beginning of each year into total claimant wealth at the end. 

Approximately 19,000 CEO-years from a sample of S&P 1500 firms over the period, 

1992-2006, are evaluated on the basis of their performance when subjected to moral 

hazard. All performance measures are recorded in the dollars of 2006 and are thus in 

real terms. These “internal” wealth creation measures are based on both stock market 

and accounting numbers. Surprisingly, in 55% of CEO-years based on the market 

measure (59% based on the accounting measure), these internal contributions to 

productivity are negative in real terms; indicating that poor productivity performance 

is the norm and that much apparent company growth is externally funded. 
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The plan of the paper is as follows: Section 2 reviews the literature, the model is 

developed in Section 3 and the empirical estimation is in Section 4. Section 5 

concludes. 

2. Literature Review 

Our paper is most closely related to the agency literature on pay-size relationship, pay 

sensitivity, and career concerns. Recently, Gabaix and Landier (2008) develop a 

calculable competitive assignment model of CEO pay, under the assumption that the 

best managers are paired with the largest firms.  Based on the extreme value theory, 

the authors argue that a negligible difference in managerial talent of only 0.016% 

between the CEO ranked number 250 and the top CEO accounts for pay for the top 

manager that is 500% higher than for manager number 250. This raises the quandary 

as to why the market for executive talent does not appear to clear. In particular, if the 

alternative for the most talented executive assigned to the largest firm is to be 

employed by a smaller firm, say # 250, why does not the largest firm offer (say) just 

$1 more than firm #250 for a manager of almost precisely the same ability, rather than 

pay 500% more? Contrary to Gabaix and Landier, we find that the distribution of 

CEO ability is significant and for the large firms lower than for of small firms such 

that the risk-adjusted mean (equivalent of the Sharpe ratio) is considerably higher.  

Giannetti (2007) develops a theoretical model in which the growth in job hopping 

opportunities for risk-neutral CEOs leads to higher CEO pay. While we model the 

CEO labor market, job hopping per se does not affect the level of pay in our model. 
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Moreover, within our dataset of over 19,000 CEO years, job movements are 

surprisingly few at 125, inclusive of multiple movers.2 

In contrast to recent decades, Frydman and Saks (2007) find only a weak relationship 

between compensation and firm size from the late 1940s to the mid-1970s. These 

findings for the earlier period suggest that technological advances in the last 35 years 

such as computers have increased the ability of able executives to manage very large 

companies successfully. Scale economies in effort and talent that we identify have 

most likely been augmented by the technological revolution and in particular the 

introduction of computers. 

Hermalin (2005) develops a model in which it is advantageous for firms to externally 

recruit CEOs of unknown talent from as a wide a distribution as possible with the 

intention of only retaining CEOs of exceptional talent. Rajgopal, Shevlin and Zamora 

(2006) proxy talent by a combination of newspaper attention and return on assets. 

The pay sensitivity issue has emerged as an important issue in the agency literature 

since Jensen and Murphy (1990) argued that there is a negative relationship between 

sensitivity and firm size.  The Jensen and Murphy (1990) finding is modeled by 

Schaefer (1998) taking into account larger team sizes in bigger firms.  More recently, 

Edmans, Gabaix and Landier (2007) have introduced a multiplicative specification for 

                                                 
2  There have been several other attempts to try and reconcile the pay-size premium with patial 

explanations of the phenomena put down to effects, such as, compensating differentials by Dunn 

(1986), union status by Lewis (1986), and efficiency wages by Krueger and Summers (1988). Idson 

and Oi (1999) and Bayard and Troske (1999) both find that workers in larger firms achieve higher 

labor productivity, based on some restrictive measures of labor productivity.  Bebchuk and Grinstien 

(2006) find that there is an economically and statistically significant positive relationship between CEO 

compensation and the CEO’s past decisions to increase firm size, by means of increasing the number of 

shares on issue. 
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an agency model with both incentives and talent assignment that can explain why 

equity incentives fall with firm size. 

Our model explicitly accounts for firm size effects on contracting and our empirical 

estimates show that pay-performance sensitivity optimally falls with size.  Moreover, 

our modeling tells us how sensitivities are affected by executives’ career paths.  Given 

our estimated elasticities, our model predicts that a manager recruited from a small to 

a large firm will be given a lower pay-performance sensitivity that a manager 

recruited from a firm of the same size. This is because the large firm’s performance 

provides a more reliable signal of the manager’s ability with less risk being borne by 

the CEO and thus warrants the use of higher-powered incentives.  

Baker and Hall (2004) estimate a form of a production function of CEO effort, and 

document that CEO efforts increase in pay-performance sensitivity of the manager. 

However, their production function ignores the impact of managerial talent on output. 

Their estimated effort elasticity based on market value ranges from as low as 37 

percent up to 66 percent and thus overlaps with our estimate for large firms of 46%, 

after controlling for managerial ability. 

Our third focus, apart from the estimation of pay sensitivity, and the pay-size 

relationship, is executive career concern. Fama (1980) provocatively argued in the 

absence of formal modeling that the managerial labor market could provide a perfect 

substitute for incentive pay by rewarding managers with high reputations for talent 

even though there is a moral hazard problem due to the unobserved nature of the 

manager’s actions. Holmstrom (1999) formally modeled such career concern issues. 

He showed that the less is known about managerial ability the greater the incentive for 

the manager to supply effort. Gibbons and Murphy (1992) also model career concern 
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issues to argue that explicit contracts should provide stronger incentives as executives 

approach retirement as the impact of the implicit incentives provided by the labor 

market decline with the prospect of retirement.  As far as career concerns are 

concerned, our paper is closely related to Gibbons and Murphy.  We argue that CEO 

career concerns not only affect the sensitivity but their negotiating power in the future 

labor market and thus the current pay size.   

 

3. The Two-Period Career Concerns Model 

There are two firms, S (small) and L (large), and two agents a  and b  with unknown 

abilities, aθ  and bθ , respectively. The firms are risk neutral and both agents are risk 

averse with the same constant absolute risk aversion (CARA) coefficient, r .  We 

assume that âθ , for { }ˆ ,a a b∈ , is normally distributed with a mean of âm
θ

 and a 

variance of ˆ
2

aθ
σ , and that aθ  and bθ  are independent of each other. There are thus two 

dimensions to managerial talent, namely, the mean and variance.  One may say that 

agent â  is more talented if his talent is drawn from a distribution with a higher mean, 

ˆâ bm m
θ θ
> , or a tighter distribution, ˆˆ

2 2
a bθ θ

σ σ< . The initial signal enabling expected 

ability levels to differ between the candidates could be résumés’ indicating that one 

candidate has better educational attainments or track-record to date.  

There are two periods with three dates, 0, 1, and 2.  Contracting between the two 

firms and two agents occurs at time 0 and 1.  At time 1t − , for { }1,2t∈ , firm i  

{ },i S L∈ hires agent â , and the agent exerts effort ˆ
1

a
te −  to produce outcome ˆ( )i

tY a , 

where the production function for CEO output takes the additively separable form: 

 ˆ ˆ
1ˆ( ) ( ) ( ) ( ) ,i a i a i i i

t t tY a e f K g K h Kθ ε−= + +  (1) 
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and S LK K<  where 0iK >  indicates the ith’s firm’s capital stock and thus size; and 

i
tε , for { }1,2t∈  and { },i S L∈ , are independent normal random variables, each of 

which are distributed with a mean of zero and a standard deviation of σ .  The ability 

(or talent) âθ  may represent agent â ’s decision-making competency or information-

gathering ability to identify better investment opportunities.   

The functions ( )if K  and ( )ig K , respectively, describe how firm size and scale 

economies affect the agent’s marginal productivity of effort and ability, and ( )ih K  

signifies the way risk (dollar volatility) varies with firm size.  We assume 

that ( ) ff K K γ= , ( ) gg K K γ= , and ( ) hh K K γ= , for some , , 0
f g h

γ γ γ > .  Then, the 

first two terms of equation (1) imply that the expected outcome is given as the sum of 

two Cobb-Douglas production functions: the first in labor effort, ˆ
1

a
te − , and capital, K , 

and the other in expected ability, âm
θ

 , and capital K , reflecting the manner in which 

talent reaps scale economies in assets under management distinctively from effort.  

The last term of the equation captures the random element in the productive process 

with its volatility increasing in K . 

At time { }0,1t∈ , agent â  exerts effort â
te , incurring a personal (monetary) cost of 

2( ) ( / 2)c e eκ=  for some 0κ > . Hence the shadow cost of effort is independent of 

either ability or career profile. At time { }1,2t∈ , agent â working for firm i is 

compensated by an amount ˆ( ( ))i i
t tS Y a , and the utility of the agent takes the form 

{ }( )2 ˆ
11

ˆexp ( ) ( )i a
t tt

r S a c e −=
− − −∑ .  Without loss of generality and in the spirit of 

Holmstrom and Milgrom (1987) and Schattler and Sung (1993), we assume, for 
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{ }1,2t∈ , that there is a linear pay schedule with a fixed and a performance 

component:3 

 1 1ˆ ˆ ˆ ˆ( ( )) ( ) ( ) ( )i i i i i
t t t t tS Y a a a Y aα β− −= +  

At time 0, agent â ’s reservation utility is ( )ˆ
0exp arW− − , where ˆ

0
aW  is called the 

certainty equivalent reservation wealth.  At time 1, since outcomes of agents’ effort 

are realized, and provide better information about agents’ abilities, firms compete for 

better agents, and as a consequence, the certainty equivalent wealth level of agent â  

who previously worked for firm k changes to ˆ
1 1 ˆ( ( ))a kW Y a . 

3.1 The Second-Period Contracting 

In this section, contracting occurs twice: initial contracting at time 0, and re-

contracting at time 1. That is, this dynamic contracting problem consists of the first 

and second-period contracting problems.  We consider the second-period problem 

first so as to solve the overall problem recursively.   

Suppose that at time 0, agent â worked for firm k  { }( , )k S L∈  and at time 1, he is 

hired by firm i .  The outcome of agent â ’s time-0 performance with firm k  is 

realized at time 1 to be 1 ˆ( )iY a , and firm i  updates its belief on agent â ’s ability âθ  

based on the realized outcome 1 ˆ( )iY a .  Since both 1 ˆ( )iY a  and âθ  are normally 

distributed, and they are linearly related to each other through equation (1), âθ  

conditional on 1 ˆ( )iY a  is normally distributed with its mean and variance given as 

follows: 

                                                 
3 In fact, one can show by using Kaman-Bucy filtering technique that in an analogous continuous-time 
setting with incomplete information, the optimal contract is linear as in this paper.  Thus, all results in 
this paper can be interpreted as those in the continuous-time model. 

2615



 

 
 
    

11

 ( )ˆ ˆ
ˆ ˆ ˆ

1 1 0ˆ ˆ[ | ( )] ( ) ( ) ( )a a
a k ak k a k kE Y a m p Y a e f K m g K

θ θ
θ = + − − , (2) 

and 

 
ˆ

ˆ

2 2 2
ˆ

1 2 2 2 2

( )
[ | ( )]

( ) ( )
a

a

k
a k

k k

h K
Var Y j

g K h K
θ

θ

σ σ
θ

σ σ
=

+
, (3) 

 
  

where 

 ˆ

ˆ

2
ˆ

2 2 2 2

( )
( ) ( )

a

a

k
ak

k k

g K
p

g K h K
θ

θ

σ
σ σ

≡
+

. (4) 

That is, common beliefs on agent abilities are updated over time according to equation 

(2) with their conditional means and variances given by equations (2) and (3).  This 

updating reduces the estimated variance of ability level from ˆ
2

aθ
σ  to that in equation 

(3).  Equation (2) implies that each conditional mean is determined by a regression 

line regressing the ability level âθ on the realized outcome 1
kY  with an intercept of 

âm
θ

 and a slope of kp . 

As a result, the second-period contracting problem for firm i  hiring agent â  who 

worked for firm k  for the first period can be stated as follows: 

Problem 1 (The second-period contracting.) Choose pay contract 2 ˆ( )iS a to maximize 

the expected profit to the shareholders in period 2 conditional on the agent’s 

performance outcome in period 1: 

2 2 1ˆ ˆ ˆ[ ( ) ( ) | ( )]i i kE Y a S a Y a− , subject to  

(1) ˆ ˆ
2 1 2ˆ( ) ( ) ( ) ( ) ( )i a i a i i iY a e i f K g K h Kθ ε= + + , 

      ˆ ˆ
1 0 1ˆ( ) ( ) ( ) ( ) ( )k a k a k k kY a e k f K g K h Kθ ε= + + , 
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(2) ( ){ }ˆ
1 2 1ˆ ˆ ˆ( ) arg max exp ( ) ( ) | ( )a i k

e
e i E r S a c e Y a⎡ ⎤∈ − − −⎣ ⎦  

                      s.t.         ˆ
2 2ˆ ˆ( ) ( ) ( ) ( )i i a i i iY a ef K g K h Kθ ε= + + , 

                                    ˆ ˆ
1 0 1ˆ( ) ( ) ( ) ( ) ( )k a k a k k kY a e k f K g K h Kθ ε= + + , 

(3) ( ){ } ( )ˆ ˆ
2 1 1 1ˆ ˆexp ( ) ( ( )) | ( ) expi a k aE r S a c e i Y a rW⎡ ⎤− − − ≥ − −⎣ ⎦ .  

The first constraint is simply the production functions for periods 1 and 2.  The 

second constraint is the agent’s effort incentive constraint conditional on the outcome 

in period 1, and the third constraint is the participation constraint given the agent’s 

reservation utility in period 1.  The first order condition (FOC) from the incentive 

constraint combined with the participation constraint implies that the second period 

pay schedule: 

 

( ){ }

ˆ

ˆ

2 2 2 2 2ˆ
ˆ ˆ 2 21

2 1 1 2 2 2 2

fixed compensation

ˆ
ˆ ˆ1

2 1 1

per

( ) ( )( )ˆ( ) ( ) ( )
2 ( ) ( ) ( )

( ) ˆ( ) ( ) [ | ] ( )
( )

a

a

i ka
i a a ie

i k k

a
i a i a k ie

i

g K h Kc erS a W c e h K
f K g K h K

c e Y a e f K E Y g K
f K

θ

θ

σ σ
σ

σ σ

θ

⎛ ⎞⎛ ⎞
= + + +⎜ ⎟⎜ ⎟ ⎜ ⎟+⎝ ⎠ ⎝ ⎠

⎛ ⎞
+ − +⎜ ⎟
⎝ ⎠

formance-based compensation

.

 (5) 

Note that the sensitivity of the contract, or the sensitivity of the compensation to the 

realized outcome 2 ˆ( )iY a , is
ˆ

1( )
( )

a
e

i

c e
f K

.  The structure of equation (5) is well-known, 

consisting of two parts: fixed and performance-based compensations.   

The first term of the fixed compensation is the agent’s certainty equivalent reservation 

wealth, the second the cost of effort, and the third the compensation-risk premium. 

The performance-based compensation is in proportion 
ˆ

1( )
( )

a
e

i

c e
f K

 to the unexpected 
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outcome, 2 2 1[ | ]i i kY E Y Y− , which is realized minus expected outcomes.  The 

performance-based compensation constitutes a compensation risk to the agent, on 

which the agent demands a risk premium. Aggrawal and Samwick (1999) show 

empirically that CEO pay is increasing in risk while Becker (2006) shows that CEOs 

with more wealth and presumably less risk aversion receive higher incentives. 

By equation (5), the expected profit of firm i  for the second period is 

 ˆ
ˆ ˆ ˆ( )

1 2 2 1 1 1ˆ ˆ ˆ ˆ ˆ( ( ), ) : [ ( ) ( ) | ( )] ( ) [ | ( )] ( , , )a
i a k i i k i a k k i aa k W E Y a S a Y a g K E Y a K K W

θ
π θ σ= − = +Φ − ,               

where: 

ˆ

ˆ

ˆ

2 2 22 2
22 2

2 22 2

( ) ( )
( , , ) max ( ) ( )

2 2 ( ) ( ) ( )

g h
af h

a
f g h

a

i k
k i i i

e i k k

K Kr eK K e K e K
K K K

γ γ
γ γθ

γ γ γθ
θ

σ σκ κσ σ
σ σ

⎛ ⎞⎛ ⎞
Φ = − − +⎜ ⎟⎜ ⎟ ⎜ ⎟+⎝ ⎠ ⎝ ⎠
  (6) 
 
Substituting the FOC with respect to effort e back into the RHS of equation (6) we 

have

ˆ

ˆ

ˆ

2( 2 ) 2
2 2( 2 )2 2

2( )2 2

1 1 1( , , ) ( ) .
2 2 ( )

( ) ( )
( )

f
a

g f
af h f

g h
a

k i i
i

i i
k

K K e K
K

K r K
K

γ

γ γθ
γ γ γθ

γ γ

θ

σ
σ

κ κ σ
σ σ

−
− −

−

Φ = =
⎛ ⎞

+ +⎜ ⎟⎜ ⎟+⎝ ⎠
           (7) 

 
3.1.1  Pay Sensitivity and Firm Size 

Pay sensitivity has become an important issue in the agency literature since Jensen 

and Murphy (1990) argued that there is empirically a negative relationship between 

the sensitivity and firm size.  The firm i ’s problem in equation (6) enables us to relate 

the sensitivity to firm size. 
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The FOC for equation (6) also implies that for firm i hiring agent â  who worked for 

firm k, the sensitivity of the contract for the second period to motivate the agent to 

exert effort is  

 
ˆ

ˆ

2( ) 2
2( )2

2( )2 2

ˆ 1ˆ ( ( ))
( ) ( )

1 ( )
( )

f g f
a h f

g h
a

i ki
i i

i
k

e a k
K K

r K
K

γ γ γ
γ γθ

γ γ

θ

κ β β
σ

κσ
σ σ

−
−

−

≡ ≡ =
⎛ ⎞

+ +⎜ ⎟⎜ ⎟+⎝ ⎠

. (8) 

Note that the sensitivity expression, equation (8), does not directly depend on agent 

type â , because of our assumption that the risk aversion and effort cost functions for 

both agents are identical, but it does depend on the distribution of agent talents, ˆ
2

aθ
σ , 

as this is updated by information derived from the initial work experience.  Thus the 

sensitivity depends on the agent’s work experience k, because the experience affects 

the volatility of the second-period outcome as the distribution of the agent ability level 

is updated.  

Equation (8) immediately relates the sensitivity to the size of the firm as follows:  

Proposition 1:  Suppose that kK , the size of the firm for which the manager 

previously worked for is given. Then, holding other things constant:   

(i) The sensitivity is inversely related to the firm size, i.e., / 0ki iKβ∂ ∂ < , if 

either the relative scale elasticities,  0h f f gγ γ γ γ− ≥ − >  or 0
fgγ γ> >  

and 0
fhγ γ> > .  

(ii) The sensitivity is positively related to the firm size, i.e., / 0ki iKβ∂ ∂ > , if 

either 0   g f f hγ γ γ γ< − ≤ −  or 0f gγ γ> >  and 0f hγ γ> > . 

Proofs are given in the Appendix. 
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Proposition 1 suggests that, for example, the large firm offers a lower- (higher-) 

powered incentive contract than the small firm, when expected marginal effort-

productivity ( ) fiK γ is sufficiently lower (higher) than expected ability-productivity 

( ) giK γ  and volatility growth ( ) hiK γ over firm size.  Substituting our empirically 

derived elasticities estimated in Table 4 below, we find, based on stock market 

productivity measures for the entire sample, that 0.98 0.81 0.43g h fγ γ γ= > = > = . 

The same inequalities are satisfied for accounting measures of productivity and for 

both large and small firms. Hence condition (i) rather condition (ii) is satisfied and 

pay-performance sensitivity is optimally negatively related to firm size, as is shown in 

Table 3 below with a partial correlation coefficient of 5.4%. 

This implication is in contrast with Baker and Hall (2004) who argued that the 

sensitivity is negatively related to the firm size because dollar volatilities of profits of 

large firms are higher than those of small firms.  However, our Proposition 1 indicates 

that the relationship depends more on relative sizes of fγ , gγ  and hγ  than it does on 

differences in dollar volatilities.  For example, if 
f g h

γ γ γ= = , then sensitivities of 

both the large and small firms are identical, even though the total dollar volatility of 

the large firm can be considerably higher than that of the small firm.4 

 

3.1.2  Career Path and Sensitivity 

Equation (8) also tells us how sensitivities are affected by executives’ career paths. 

                                                 
4 Note the Baker and Hall (2004) do not take account of managerial ability at all insofar as ability is 

implicitly assumed to be identical for all managers.  Moreover, the volatility growth ( ) hh K K γσ=  is 

only implicit in Baker and Hall (2004) and is not formally modeled in their paper. 
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Proposition 2: Suppose that agents a and b are hired for the first period by firms S 

and L, respectively, and agent b (a) comes from a tighter distribution than a (b). If 

0g hγ γ− ≥ and b aθ θ
σ σ<  (if 0g hγ γ− ≤ and a bθ θ

σ σ> ), then the second-period 

contract sensitivity for the agent who previously worked for the large firm is higher 

(lower) than the sensitivity for the agent who previously worked for the small firm.   

The statement comes directly from equation (8).  To see this intuitively, note that 

equation (3) implies that if 0g hγ γ− > and b aθ θ
σ σ> , the conditional variance of the 

agent ability given his performance with the first-period firm is inversely (positively) 

related to the firm size.  That is, if ( ) 0g hγ γ− > < , the informativeness of the agent’s 

past performance about his ability increases (decreases) with the firm size.  Thus, if 

( ) 0g hγ γ− > < , then the firm hiring a manager coming from the large firm would have 

lower (higher) outcome volatility and consequently it provides its manager with a 

higher-powered (lower-powered) contract than the other firm hiring a manager 

coming from the small firm would. 

Since our empirical estimation set out in Table 4 below shows that 0g hγ γ− >  for all 

market and accounting productivity measures, irrespective of whether all CEOs are 

included or the two sized-based samples, the model predicts that the contract 

sensitivity for the manager who moves from one large firm to another, or for that that 

matter stays in a large firm, will have higher contract sensitivity than the manager 

who moves from a small firm to a large firm. There is only a relatively small sample 

of 125 CEO movers out of about 19,000 CEO productivity-year observations. We 

regress the change in 1
ˆ ki

tβ −  sensitivity for the new hire relative to the incumbent on the 

difference between the firm size of the new hire relative to the incumbent for our 
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sample of movers. As predicted, the sign is negative with a significant t-value of 1.86 

at about the 6% level and an R2 of 2.73%. 

 

3.2 Pay and Firm Size: Labor Market Equilibrium 

In this section, we examine relationships between expected executive pay and firm 

size over the two contracting periods.  As can be inferred from the form of the salary 

function in equation (5), the main issue in computing the expected executive pay is to 

understand how the executive reservation certainty-equivalent wealth level ˆ
1
aW  is 

determined.  It will be seen that the wealth level can depend on labor market 

competition for agents which is based on each agent’s ability estimated from his past 

performance.  In the labor market, each firm assesses each agent’s ability given his 

past performance, and makes a job offer.  Then, he chooses from job offers by the two 

firms.  As a consequence, the agent’s certainty reservation wealth is competitively 

determined. 

For this, we model labor market competition between the two firms as follows.  At 

time 0, agent a  works for firm S , and agent b works for firm L . Then at time 1, 

there can be two possible cases: case (SS; LL) where agent a  is rehired by firm S , 

and agent b is also rehired by firm L ; and case (SL; LS) where agent a  now works 

for firm L , and agent b now works for firm S . 

We define the executive labor market equilibrium as follows.  Each firm makes job 

offers to all agents on a first-come first-served basis.  All job offers are structured in 

the form of equation (5).  For example, a job offer made out to agent â  by firm i  is 

represented by a level of certainty equivalent wealth ˆ
0
aiW  with the contract structure 

given in the form of equation (5).  Thus, the two agents ˆˆ( , )a b  receive job offers 
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ˆˆ
1 1( , )aS bSW W  from firm S and ˆˆ

1 1( , )aL bLW W  from firm L.  If agent â  takes the offer by 

firm S before agent b̂  does, then agent â  enjoys a certainty equivalent wealth level of 

ˆ
1
aSW , and agent b̂  is hired by firm L. 

It should be clear that each firm would like to hire an agent who would produce an 

expected profit to the firm at least as great as the other agent would.  However, each 

firm’s decision can also affect/be affected by the other firm’s decision.  We examine 

the following type of executive labor market equilibrium. 

Definition 1: The executive job market is in equilibrium with agents â  and 

b̂ choosing to work for firms S and L, respectively, if job offers ˆˆ
1 1( , )ai biW W  to agents 

ˆˆ( , )a b  by firm i , for i S= and L , satisfy the following properties.  

(i) (Profit maximization.)   

 ˆ
1 ˆarg max ( , )aS S

W
W a Wπ∈  s.t. ˆ

1
aLW W≥ , and ˆˆ

1 1
ˆˆ( , ) max ( , ) s.t. S aS S bL

W
a W b W W Wπ π≥ ≥ . 

ˆ
1

ˆarg max ( , )bL L

W
W b Wπ∈  s.t. ˆ

1
bSW W≥ , and ˆ ˆ

1 1
ˆ ˆ( , ) max ( , ) s.t. L bL L aS

W
b W a W W Wπ π≥ ≥ . 

(ii) (Expected zero profit condition for the small firm.)  

ˆˆ
1 1

ˆˆ( , ) ( , ) 0.S aS S bLa W b Wπ π= =  

Condition (i) implies that each firm chooses an agent to maximize its expected profit.  

When the small and large firms hire agents â  and b̂ , respectively, condition (i) 

implies that the small firm makes an offer to agent â by matching the offer by the large 

firm to the same agent such that ˆ ˆ
1 1
aS aLW W=  and ˆˆ

1 1
ˆˆ( , ) ( , )S aS S bLa W b Wπ π≥ ,and similarly 

that we have ˆ ˆ
1 1
bL bSW W= and ˆ ˆ

1 1
ˆ ˆ( , ) ( , )L bL L aSb W a Wπ π≥ .  Condition (ii) suggests that 
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agents’ reservation certainty-equivalent wealth levels are determined by their job 

opportunities with the small firm, and that the small firm’s expected profit is always 

driven to zero (perhaps by job/product market competition).   

The next proposition sheds some light on equilibrium hiring decisions in the second 

period. First, let us define: 

 
( )

{ }
( , ; , ) ( ) ( )

( , , ) ( , , ) ( , , ) ( , , ) .

a b

a b a b

S L L S

S S L S S L L L

A K K g K g K

K K K K K K K K
θ θ

θ θ θ θ

σ σ

σ σ σ σ

−

= Φ −Φ −Φ +Φ
 

Then ( )( , ; , ) ( ) ( )a b
S L L SA K K g K g K

θ θ
σ σ −  measures the comparative advantage of 

agent b over agent a in terms of the marginal effort contribution to the large firm’s 

expected profit over that of the small firm.  If ( )( , ; , ) ( ) ( )a b
S L L SA K K g K g K

θ θ
σ σ −  is 

positive, agent b’s marginal effort-contribution to the expected profit of the large firm 

is relatively larger than that of agent a. 

Proposition 3: Suppose that agents a and b are hired for the first period by firms S 

and L, respectively. If 1[ | ] ( ) ( , ; , )a b
a b S LE Y A K K

θ θ
θ θ σ σ− ≤ > , then in equilibrium, 

agents a (b) and b(a) are rehired (hired) for the second period by firms, S and L , 

respectively, with their second-period reservation certainty equivalent wealth levels 

given by 1 1( ) [ | ( )] ( , , ),a
a S a S S SW g K E Y a K K

θ
θ σ= + Φ  and 

1 1( ) [ | ( )] ( , , ).b
b S b L L SW g K E Y b K K

θ
θ σ= + Φ    

The small-firm manager moves to the large firm in the second period if and only if his 

expected ability conditional on his first period performance, 1[ | ]aE Yθ , turns out to be 

sufficiently large, such that 1 1[ | ] [ | ] ( , , , )a b
a b S LE Y E Y A K K

θ θ
θ θ σ σ+> .  In this sense, 

one may view the function A as a measure of executive job mobility: a high A means a 

low probability for small-firm managers to move to large firms. In other words, 
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1[ | ] ( , , , )a b
b a S LE Y A K K

θ θ
θ θ σ σ− +  measures the comparative advantage of agent b 

over agent a in terms of contributions by both ability and effort to the expected profit 

of the large firm.  Thus, the agent worked for the small firm can be hired by the large 

firm only when his expected ability level is large enough to get over the large firm 

manager’s comparative advantage.  

Unlike the matching literature in which more talented managers are automatically 

allocated to larger firms, agents hiring/moving decisions in this paper are based not 

only on perceived/expected ability levels but also on the volatilities of their ability 

levels due to uncertainty as to what their ability really is, as outcomes of agents’ effort 

depend on both ability levels and their distributions. 

 

3.3 The First-Period Contracting Problem 

Agent â ’s, { }ˆ ,a a b∈ , effort choice decision for the first period can be affected by his 

job market prospects for the second period. Thus, the first-period principal’s problem 

can be stated as follows. 

Problem 2:  Choose an initial-period pay schedule 1 ˆ( )iS a to maximize expected first-

period shareholder profit:5 

                                                 
5 Note that at time 0, shareholders’ expected profit of the large firm for both periods 1, and 2 is 

1 1 1 1 1 1[ ( ) ( ) ( , ) ( , )(1 )]L L L bL L aL
A AE Y b S b b W a Wπ χ π χ− + + − , where ( ) 1Aχ ω =  for 

{ }1ˆ ˆ| [ | ]( ) ( , )a b S LE Y A K Kω ω θ θ ω∈ ∈Ω − ≤ , and ( ) 0Aχ ω = , otherwise.  Here, Ω  is a 

complete description of all uncertainties in this paper.  However, since it can be shown that the second-

period profit 1 1 1 1[ ( , ) ( , )(1 )]L bL L aL
A AE b W a Wπ χ π χ+ −  in equilibrium is independent of the agent’s 

time-0 effort 0
be , shareholders’ optimal decision for the agent’s time-0 effort can be computed ignoring 
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1 1ˆ ˆ[ ( ) ( )]i iE Y a S a− , subject to 

(1) ˆ ˆ
1 0 1ˆ( ) ( ) ( ) ( )i a i a i i iY a e f K g K h Kθ ε= + + , 

(2) ( ){ }ˆ ˆ
ˆ1 1 1ˆ ˆarg max exp ( ) ( )a i a
ee E r S a c e W⎡ ⎤∈ − − − +⎣ ⎦ , 

                      s.t.         ˆ
1 1ˆ ˆ( ) ( ) ( ) ( )i i a i i iY a ef K g K h Kθ ε= + + , 

(3) ( ){ } ( )ˆ ˆ ˆ
1 0 1 0exp ( ) ( ) expi a a aE r S j c e W rW⎡ ⎤− − − + ≥ − −⎣ ⎦ .  

The main difference between Problems 1 and 2 is that in Problem 1, the agent’s first-

period wealth consists of not only ˆ
1 0ˆ( ) ( )i aS a c e− , direct compensation from the firm 

net of effort cost, but also ˆ
1
aW , the certainty equivalent wealth the agent can expect 

from the second period contracting.  Young agents have career concerns that impact 

on their choice of their first managerial position. 

Without loss of generality, we again assume optimal contracts are linear such that 

1 1ˆ ˆ( ) ( )i i i iS a Y aα β= +  for agent â  working for firm i .  

Proposition 4:  Let firm k { }S,L∈  hires agent â { },a b∈  at time zero.  Then fixed and 

incentive parameters ˆ ˆ( , )ak akα β  for the optimal contract are given as follows: 

                                                                                                                                            
the expected second-period profit.  Thus, as far as optimal effort decisions are concerned, shareholders 

are only concerned with maximizing the expected profit from the first period.  That is, optimal effort 

levels maximize 1 1[ ( ) ( )]L LE Y b S b−  subject to appropriate constraints, as stated in Problem 2. 
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( )
ˆ ˆ ˆ

ˆ

ˆ ˆ ˆ ˆ ˆ
0

ˆ ˆ 2 2 2 2 2

ˆ ˆ( , , ) ( ) ( ) ( ( ) ( ))

         ( ( ) ) ( ) ( ) .
2

a a a

a

ak a k S a S ak a k k

ak S ak k k

W K K c e g K m e f K m g K

r g K p g K h K

θ θ θ

θ

α σ β

β σ σ

= −Φ + − − +

+ + +
(9)

( ) ( )
ˆ

ˆˆ

ˆ ˆ

2

2 2 22 22 22 2

'( ) ( )

( )1    =
( ) ( )1 ( ) ( )

g
a

f g hg h aa

ak S ak
k

k S

k kk k k

c e g K p
f

K K
K Kr K K K

γ

θ
γ γ γγ γ

θθ

β

σ

σ σκ σ σ
−

= −

−
++ +

         (10)      

Thus, the expected compensation to the agent is

 ˆ ˆ ˆ
ˆ

1 0[ ( )] ( , , ) ( ) ( , )a a a
k k a k S S kE S Y W K K g K m K

θ θ θ
σ σ= −Φ − + Ψ            (11) 

and the expected profit of firm k hiring agent â  is  

 ( ) ( )ˆ ˆ ˆ
ˆ

1 0[ ] ( ) ( ) ( , , ) , ,a a a
k k k S a k S kE Y S m g K g K W K K K

θ θ θ
σ σ− = + − + Φ + Ψ      (12)                        

where initial certainty equivalent wealth: 

 ˆ ˆ ˆ
ˆ

0 2 ( ) ( , ) ( , , ),a a a
a S S S SW m g K K K K

θ θ θ
σ σ= + Ψ +Φ  

and ( )
( ) ( )

ˆ

ˆ

42 2 22 2 2

1 1, .
2 ( ) ( ) ( )

a
ff g h

a

k

k k k k
K

K r K K K
γθ γ γ γ

θ

σ
κ κ σ σ

−−
Ψ =

+ +
 

Recall that in the second period, there is no future career concern problems and the 

contract sensitivity is the marginal cost of effort per marginal expected output, '( )
k

c e
f

. 

However, Proposition 4 also implies that, in the first-period contracting, the 

sensitivity is adjusted for the agent’s career concern by product of the scale term for 

ability in the small firm and the updating talent regression slope coefficient, i.e., 

( ) .S kg K p   That is, in the first period, the contract sensitivity does not have to be 

equal to the marginal cost of effort per marginal expected output, because the agent 
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has already built-in (implicit) incentives to work even without an explicit incentive 

contract.  This kind of adjustment is well-known. See Gibbons and Murphy (1992). 

Proposition 4 also implies that the expected pay differential between large and small 

firms is made up of the following two components: 

 1 1 0 0 1 1

effort production differential current period reservation  
     wealth differential

[ ] [ ] ( , ) ( , ).b a
L S b a b a L SE S E S W W E W W K K

θ θ
σ σ⎡ ⎤− = − − − +Ψ −Ψ⎣ ⎦  (13) 

Note that the current period certainty equivalent reservation wealth is ˆ ˆ
0 1
a aW E W⎡ ⎤− ⎣ ⎦ , 

that is, the certainty equivalent wealth for the agent’s lifetime career (over the two 

periods) minus the expected future certainty equivalent wealth.  Representing the 

difference in negotiating power between two agents in the labor market, the current 

period reservation certainty equivalent differential has the following structure: 

 

0 0 1 1

ability differential effort production differential
       to the small firm

compensation for disadva

( ) ( ) ( , ) ( , )

( , , ) ( , , )

b a b a

b b

b a b a S S S

S S L S

W W E W W m m g K K K

K K K K

θ θ θ θ

θ θ

σ σ

σ σ

⎡ ⎤− − − = − + Ψ −Ψ⎣ ⎦

+Φ −Φ
ntages 

          in furure job market

 (14) 

This structure tells us that sources of negotiating power lie in expected ability, the 

volatility of ability, and disadvantages/advantages of working for the large firm in the 

future job market.   

To sum up, the sources of the difference in pay size between executives of large and 

small firms are (1) the ability production differential had each agent worked for the 

small firm (reference firm), (2) the effort production differential had each agent 

worker for the small firm, (3) discount for advantages the large-firm executive may 

experience in future executive labor markets, and (4) the actual effort production 

differential between the large and small firm. By contrast, in Edmans, Gabaix and 

Landier (2007) pay differentials are entirely determined by talent/ability differentials. 

In this paper, the talent differential is just one of many sources of the difference in pay 
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size.  In particular, if g hγ γ< , disadvantages suggested in the third source can occur, 

as the volatility of updated expectation of executive ability level after the first period 

will be higher for the large-firm executive, because dollar-return from production is 

more volatile for the large firm than it is for the small firm.  That is, the large-firm 

profit outcome in the initial period provides a weaker signal as to agent ability than 

for the small-firm agent due to the volatility difference.  However, if g hγ γ> , which is 

what we observe empirically, then working for the large firm can help send a less 

noisy signal about his ability to the future job market. 

The second differential can increase the pay for the agent working for the large firm if 

the volatility of the agent’s ability is lower than that of the other agent working for the 

small firm (reference firm), simply because the low volatility can improve effort 

incentives.  However, note that this differential in fact has nothing to do actual 

improvement of effort incentives, but it is simply added as a consequence of labor 

market competition in which the small firm bids for the agent with low volatility in 

ability.  On the other hand, the fourth differential is compensation for actual 

improvement of effort incentives. 

Now, we examine effects of firm size on managerial salaries: 

Proposition 5:  At time 0, agents a and b are hired by firms S and L, respectively, if 

and only if  

( )

( )

0 : ( ) ( ) ( ) ( , , )

, 0.

L
b

b a kS
a

L
b

S
a

KL S k S k
KK

K

KK

m m g K g K K K d dK

K d dK

θ

θ
θ

θ

θ
θ

σ

θ θθ θ σσ

σ

σ θ θσ

π σ σ

σ σ

Δ = − − + Φ

+ Ψ ≥

∫ ∫

∫ ∫
. 

Remark: The necessary and sufficient condition for Proposition can be alternatively 

stated as 
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( )

( ) ( )

0

talent contribution differential

reservation CEO wealth differential

a

( ) ( ) ( )

( , , ) ( , , ) , ,

( , , ) ( , , )

b a

a b a b

b a

L S

S S S S S S

L S L S

m m g K g K

K K K K K K

K K K K

θ θ

θ θ θ θ

θ θ

π

σ σ σ σ

σ σ

Δ = − −

+Φ −Φ + Ψ −Ψ

+ Φ −Φ

( ) ( )
dvantage of working for the large firm  in future job market

current period effort production differential

, ,

0.

b a
L LK K

θ θ
σ σ+Ψ −Ψ

≥

 

Note that this condition can be satisfied if b am m
θ θ
≥ , ( ) 0b a K θσθ θ

σ σ− Ψ ≥  

and ( ) 0b a kK θθ θ σ
σ σ− Φ ≥ , and also that ( ) ( )k g hK

sign sign
θσ

γ γΦ = − ; and if 2g fγ γ≤  

and 2 2 0h f gγ γ γ− − ≤ , then 0kK θσ
Ψ ≤ . 

Corollary 1: If b am m
θ θ
≥ , and b aθ θ

σ σ= , then, at time 0, agents a and b are hired by 

firms S and L, respectively. 

Proposition 5 provides the necessary and sufficient condition under which agent b is 

hired by the large firm.  When 0 0πΔ > , the large firm prefers agent b to a.  In the 

following example, we use empirical data reported in Tables 1 and 4 to see if current 

CEOs hired by large firms may be justified based on the average ability of such 

managers. 

Example 1:  Suppose 1,026SK = , 25,151LK = , 0.05r = , = 0.4703κ , 

1.09262am
θ
= , 1.1287bm

θ
= , 0.4290fγ = , 0.9851gγ = , 0.8122hγ = , =0.7567σ , 

0.96633aθ
σ = , and 0.4817bθ

σ = .  Then 0 736.22> 0πΔ = , 1[ ] 1,026.44SE S = , and 

1[ ] 1,041.27LE S = .  

In this example, 0 > 0πΔ which implies that current CEOs of large firms might have 

been hired because the CEOs of large firms were expected to earn higher net profits to 
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the large firms than CEOs of small firms were. This example is consistent with the 

popular intuition that CEOs of large firms have on average greater expected talent 

levels with lower talent volatilities. 

However, Proposition 5 and Corollary 1 also allude to the possibility that large firms 

may not necessarily choose more talented agents, unless the volatilities are the same.  

Here, we provide a numerical example in which the large firm hires the manager with 

lower expected talent. 

Example 2:  Suppose 1,026SK = , 25,151LK = , 0.05r = , =0.01κ , 1.5am
θ
= , 

1.0bm
θ
= , 0.4290fγ = , 0.9851gγ = , 0.8122hγ = , =0.7567σ , 0.96633aθ

σ = , and 

0.4817bθ
σ = .  Then 0 4,022.83> 0πΔ = , 1[ ] 19,632.76SE S = , and 1[ ] 37,148.43LE S = .  

In Example 2, agent b is hired by the large firm at time 0, although his expected talent 

level is lower than that of the other agent.  Note however that agent b’s talent 

volatility is lower than that of the other agent, which helps improve work incentives. 

In this case, agent effort contribution can affect the outcome more than the expected 

talent differential can, and thus the large firm is more concerned with improving 

incentives than the talent differential, and consequently hires agent b. 

The next proposition provides some sufficient conditions under which the agent 

working for the large firm is expected to be more highly paid than the other agent 

working for the small firm. 

Proposition 6: Suppose that agents a and b are hired by the small and large firms, 

respectively. If b am m
θ θ
≥ , b aθ θ

σ σ≤ , ,g hγ γ≤ and max[ , ] 2g h fγ γ γ< , and then the 

first-period expected pay of the large firm manager is higher than that of the small 

firm.  
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Evaluating the inequalities included in Proposition 5 utilizing the estimated elasticity 

values reported in Table 4 below for all firm sizes and measures, neither inequality is 

satisfied as max[ , ] 2g h fγ γ γ> and g hγ γ> . Hence in the first period of the manager’s 

career, we cannot guarantee that the larger firm manager will be paid more in 

equilibrium than the smaller firm manager. 

 

4. Empirical Implementation 
4.1 Model Specification 

For empirical estimation purposes, we use equation (10) in Proposition 4 to express 

the stochastic production function (1) in terms of (at least theoretically) observables as 

follows: 

 ( )( ) ( )2ˆ ˆ ˆ ˆ ˆ ˆ ˆ
1 1 1 1 1 1

1 ˆˆˆ( ) ( ) ( )g f g hi ia ia S ai ia a ia ia i
t t t t t t t t tY a Y K p K K K

γ γ γ γβ θ σ ε
κ − − − − − −≡ = + × + + × × , (15) 

where 
ˆ

ˆ

2
1ˆ

1 2 22 2
1 1

ˆ( )
ˆ ˆ( ) ( )

g
a

g h
a

i
tai

t i i
t t

K
p

K K

γ

θ
γ γ

θ

σ

σ σ
−

−
− −

=
+

, and ˆ ˆ
1

ˆ [ | ]a a k
t t tE Yθ θ −≡  is the expected 

conditional talent. Note at unobservable effort has been substituted out of the equation 

and replaced by the incentive contract following the lead of Baker and Hall (2004). 

The comprehensive end-of-period wealth measure, ˆˆ ia
tY , is generated by the stochastic 

CEO production process with the CEO combining his effort imputable from his 

opening incentive contract and his talent with the available capital he has to work with 

given by the opening total value of firm assets, 1tK − . Such a comprehensive wealth 

approach to measuring CEO performance is both recommended and utilized by Baker 

and Hall (2004) and Gabaix and Landier (2008) on the grounds that the actions of the 
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CEO this period have implications for shareholder and debtholder wealth well into the 

future, not in just the increment to claimant wealth in the current period.6  

Observed output ˆˆ ia
tY  is calculated as firm claimant (shareholder plus debt holder) 

wealth at the end of period t which is additional to the opening value of assets that the 

manager has at his disposal at the beginning of the period. We separately analyze two 

sets of wealth measures: the first based on market values and the second on 

accounting values. We begin with the market value method. This is made up of three 

components. The first component is the total value of the firm’s assets at the end of 

period t funded by both equity and debt, tK . This is computed as the book value of 

total assets (item 6 from Compustat) plus the market value of total equity (item 

199*(items 25+40)) minus book value of equity (item 60) minus deferred taxes (item 

74). To this is added the second component made up of cash distributed as dividends 

(items 21+19) plus cash distributed to debt-holders (items 15–62). From this must be 

deducted the third component which is the net value of new shares issued 

(items108+115) and new debt issued (items 111+114–301). The accounting value 

method is very similar to the market value method except that now the total book 

value of assets is simply Compustat Item6. The second and third components are the 

same. In the absence of new net equity or debt issues, earnings generated by the 

manager are either retained and thus added to assets or are paid out to claimants.  

With respect to our market measure and in keeping with the regression analysis of 

Gabaix and Landier (2008, Table I), we use the opening market value of total assets as 

described above for the end of period wealth measure except lagged one period, as the 

best size proxy for the capital stock measure that is most associated with CEO pay, 

                                                 
6 Note that these authors use essentially the total value of assets at the period end, tK , as their wealth 
measure without taking into account net cash distributions to claimants. 
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rather than income or sales that Gabaix and Landier (2008) show are inferior in their 

ability to explain CEO pay. Our alternate accounting measure is simply the opening 

book value of total assets. 

To provide the estimated sensitivity for each year of the executive’s career, ˆ
1

ˆ ia
tβ − , we 

use the opening sum of the executive’s shareholding, restricted stock and the share-

equivalent of the executive’s option holdings relative to total shareholdings estimated 

from the Black-Scholes Delta formula (modified to include dividends).7  The Black-

Scholes values of option holdings are not provided in ExecuComp. They were 

computed using two different methods. Using the first method an inventory of option 

holdings was constructed for each CEO based on the ExecuComp data for newly 

issued options with a given strike price and expiry date. All share prices, shares on 

issue and stock split data was obtained from ExecuComp for consistency purposes.8 A 

four-year escrow period was assumed with one-quarter of the options coming out of 

escrow each year and is described more fully in Garvey and Swan (2002). Only 

options most in the money were exercised according to data supplied by ExecuComp.  

In addition to this inventory method, a simpler method described by Core and Guay 

(2002) was also computed and the two sets of results compared. It was found that the 

two sets of results were quite comparable and the more comprehensive inventory 

method was chosen in preference. In converting option holdings into share 

equivalents, attention was paid to the dilutionary effects of option issuance on shares 

outstanding. ExecuComp has data explicitly on this up until 1994 and was estimated 

                                                 
7 For the first year that the CEO appears in the database the sensitivity for that year is employed in lieu 

of the opening value since the opening value is not available. 
8 For many stocks inconsistencies arose between ExecuComp and CRSP which made it necessary to 

use the one data source for this purpose. 
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for subsequent years. Perhaps the most significant component of estimated incentive 

values is shares held privately by the CEO. These are sourced from ExecuComp, 

either as a percentage of shares outstanding or as shares held. Great care was taken to 

ensure consistency in these computations using just ExecuComp and Compustat data 

as share numbers outstanding from CRSP were not always consistent and to remove 

cases where there were obvious transcription errors in either the share or option data 

or missing observations.   

The manager’s effort level implied from the opening incentive contract value, ˆ
1

a
tβ − , 

together with his individual (unobservable as such) conditional talent factor, ˆˆa
tθ , and 

stochastic volatility factor, is applied to the opening value of total assets under 

management given by 1tK −  to generate the specified end of fiscal year wealth 

belonging to all claimants. 

The CEO tenure with a particular firm is assumed to have a minimum length of one 

completed financial year and continue until the CEO resigns, retires or dies. Hence an 

observation on a CEO year’s productivity performance is only included for completed 

years. We adopt as our unit of account each CEO-year but also compute the number 

of individual years of tenure with the ith firm. The length of an individual tenure, ˆian , 

varies and is captured as an explanatory variable in the individual pay and CEO 

income regressions.  The superscript i â  refer to the value for each annual observation 

of the performance of the ith firm and the subscript t-1 to the beginning of fiscal year 

opening value.  

We provide direct estimates of the parameters of the non-linear expression (15) in 

Table 4 below. A problem with the equation is that neither the individual talent 

factors, â
tθ , themselves, nor the conditional expectations, ˆˆa

tθ , are directly observable. 
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To overcome this problem we first estimate equation (15) by focusing on the second-

period problem (ignoring the first-period problem with a career concern). It is 

estimated as two separate components. The first component of equation (15) is 

estimated using non-linear least squares as: 

 ( )
ˆ 2ˆ ˆ ˆ ˆ1

1 1

ˆ ˆˆ ˆ ˆ( )f g

ia
ia ia a iat

t t t t tY K K Controls
γ γβ θ ξ

κ
−

− −= + + + , (16) 

where regression coefficient, ˆˆ a
tθ , is the estimated mean conditional talent factor taken 

over all CEO-years in the sample. Note that all the other terms in equation (15) drop 

out as the random term i
tε  is zero in expectation and the career concern (slope) term 

kp  from equation (4) is set to zero. Controls consist of both two digit Industry 

Dummies and the length of experience with the firm prior to the CEO appointment if 

an internal appointment, and tξ is the iid error term. Year dummies were deliberately 

excluded to investigate the model’s capacity to explain real CEO pay rises over the 

sample period. However, only one of the industry control dummies was statistically 

significant in the non-linear least squares estimates but nonetheless generated large 

coefficients that added to noise and prevented conversion of the non-linear estimation. 

Hence the values of all industry dummies were set to zero. Note that the parameters of 

the dollar volatility term in equation (15), σ  and hγ , need to be estimated separately 

as the term i
tε  in dollar volatility ( )1

hij i
t tK

γ
σ ε− , is a standard normal random variable 

with mean zero. These are estimated via equation (18) below. 

Our sample consists of 19,067 career years of CEOs not from a regulated industry or 

an industry with an unusual capital structure. The two-digit codes excluded are 22 

(utilities), 52 (finance and insurance), 55 (management of companies and enterprises) 
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or exceeding 90 (public administration). Included CEO years have appeared in S&Ps 

ExecuComp over the period 1992-2006 with no missing observations and a minimum 

tenure of a full financial year. ExecuComp includes firms over these periods that have 

appeared within the top 1500 S&P firms.  

All dollar amounts including the value of assets, the firm’s total market and 

accounting income and the CEOs total pay are converted to constant dollars of 2006 

using the CPI. 

The second (accounting) measure is identical to the first except that the book value of 

total assets replaces the market value of total assets. Distributions in the form of 

dividend and interest payments and new cash injections remain as before.  Both 

performance measures are deflated by the estimated average pay-performance 

sensitivity and then the natural logarithm taken to obtain the dependent variable in 

regression equation (A4) in the Appendix.  

The sample of CEO yearly observations is ranked by size of opening total assets 

expressed in 2006 dollar values based on the CPI, ˆ
1

ia
tK − , and is split into two equal 

halves by number of observations, representing large and small firms separately.  The 

sample utilizing market values is also split into CEO years with a positive 

contribution ( ˆ ˆ
1Net Cash Dist 0ia ia

t t tK K −+ − > ) and with a negative contribution. 

All productivity and associated data for CEO years based on market performance 

values are summarized in Table 1 and for accounting values, in Table 2. For space 

reasons the accounting estimates for the large and small samples separately are not 

presented. The mean terminal (end of period) wealth level is $12,962m for the 

observations on CEO performance for the entire sample in Table 1 and is less than the 

mean opening value of assets, $13,088. This nearly doubles for the sample of large 
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firms to $24,913m and for small firms, only $1,012m. Hence size is highly skewed. 

Unsurprisingly, the mean ˆ
1

ˆ ia
tβ −  sensitivity coefficient at 0.0381 for small firms is about 

double that for large firms, 0.0173. Total mean annual pay from ExecuComp for large 

companies at $7.8m in 2006 prices is many times higher than for small companies at 

$2.3m. Inclusive of income from shares owned by CEOs, mean total CEO income is 

$33.5m for large companies and $7.9m for small. Note that only 46% of CEO years 

display positive market performance, generating terminal wealth well in excess of the 

opening asset value and it is the reverse for the negative performers.   

The partial correlation coefficients (in levels) for the entire market-based sample are 

provided in Table 3. Perhaps the most striking feature of these correlations is the 

unsurprising 97% correlation between opening and end of year wealth (inclusive of 

distributions and net of new debt and equity issues). This illustrates the ubiquity of 

size and largely explains the exceptionally good model fit in Table 4 below for the 

complete market-based samples. The negative correlation between the incentive 

sensitivity, ˆ
1

ˆ ia
tβ − , and flow pay measure from ExecuComp indicates the tendency for 

managers with high share ownership to receive less direct (explicit) pay from the 

board, inclusive of new option grants. 

<< INSERT TABLES 1 to 3 ABOUT HERE>> 

The non-linear Least Squares CEO productivity regression results in real terms are 

summarized in Table 4 for the productivity measures based on market and book 

values and those displaying either positive or negative income, all based on the entire 

sample, and the large and small sub-samples that have been estimated separately using 

market productivity only. Starting values for the coefficients were obtained via the 

estimation of equations (A4) and (A6) in the Appendix. For the positive and negative 
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performer breakdowns the same set of coefficients based on the entire sample have 

been employed. For the full sample the results show in column 1 for the market-based 

measure based on explicit incentives only (equation (16)) that the estimated shadow 

price of effort represented by Kappa at 0.47 is far lower than for large firms, when 

estimated separately for the large-firm sample, with a value of 3.54 and for small 

firms, 0.0072, also estimated separately. While this in itself is not surprising as one 

would expect large firms to be harder and more costly to manage, the magnitude of 

the difference quite large and should indicate a considerably lower shadow price of 

effort in smaller companies if we allow shadow prices and technology to differ 

between the two classes or organization. As far as we are aware, this is the first time 

that this coefficient has been estimated as Baker and Hall (2004) do not estimate it. 

They assume a value of one. The low and insignificant Gamma_f estimate for small 

companies seems anomalous. Hence more attention is paid to the complete and large 

company samples. In fact, since the estimates for the entire sample control for shadow 

price and technology effects, we rely largely on these. 

<< INSERT TABLE 4 ABOUT HERE>> 

For the entire sample using market performance measures, CEO effort productivity 

increases by 43% for each doubling of firm size (total assets under management) 

while ability productivity, which can be either positive or negative, increases by a 

much higher 99%. Thus there are approximately constant returns to scale in talent and 

this is true for all samples. Large firms have a higher effort-scale sensitivity of 52% 

when this sample is estimated separately. Perhaps smaller firms are much more 

“hands on” while larger firms invest more in systems that reap scale economies.  
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The estimated mean CEO conditional ability level, ˆˆ a
tθ , for the market measure and 

full sample is 1.18 which is slightly greater than the mean of the predicted values of 

1.11 found by treating the estimating equation (16) as an identity (not shown). The 

non-linear nature of the estimating equation ensures that the estimated and simulated 

means found by setting the regression residuals to zero will differ at least slightly. The 

mean estimated conditional ability level for large firms is surprisingly low at 1, rising 

to 1.65 for small firms but the higher mean talent level for small firms arises because 

of differences in production function coefficients. While are findings are surprising 

given the theoretical predictions of Rosen (1982) that the largest firms would 

necessarily hire the most able managers, we believe ours to be the first estimates for 

CEOs that do not rely on extreme value theory that automatically assigns the most 

talented managers to the largest firms. All the estimated coefficients in Table 4 for all 

firms and large firms are significant at the 1% level irrespective of the use of market 

or accounting measures. 

The slopes of the actual and predicted terminal wealth levels were estimated. They 

indicate that predicted values are relatively unbiased with close to a 45 degree slope. 

The R2 for the entire sample is high at 95%, falling to only 34% for small firms. 

Computed from the residuals of the estimating equation, conditional talent prediction 

estimates are constructed for every CEO year and summarized in Table 4. Due to 

space limitations only the means and standard deviations are reported for the large and 

small sub-samples separately but not for the entire sample. The pairs of “All Firms”, 

“Positive Wealth Gain” and Negative Wealth Gain” columns all utilize coefficients 

estimated for the entire sample whereas the remainder is confined to either the large 

or small firm sample. The predicted conditional mean of talent using the all firm 
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market measure in the first column is 1.13 with a standard deviation of ability of 0.48 

when calculated for the large-firm sample, falling to 1.09 for the small firm sample 

with a much higher standard deviation of talent of 0.97, or almost double. Using the 

production function estimates obtained with just the large firms results in a mean 

talent level of 1 with a standard deviation of 0.43. This is very similar to the estimates 

for the large sample obtained using all CEO-years in the regression. With just the 

small firms in the regression, and thus different technology, the mean conditional 

talent level at 1.6 is much higher due to the low contribution of CEO effort but so is 

the standard deviation at 1.37. Once again, the same pattern of not too dissimilar 

predicted mean ability levels for the large and small firm samples but a much tighter 

distribution of talent for the large firm samples can be seen in both the positive and 

negative performer samples. Within every large sample estimate the distribution of 

talent remains volatile even though less so than in the small firm sample.  

Hence, contrary to the Gabaix and Landier (2008) estimates that found negligible 

differences in ability levels from the CEO in their median company, number 250, in 

size and number one, we find a remarkable diversity in CEO talent as measured by ex 

post performance. These findings are consistent with our model in which the CEOs 

own ex ante ability may be unknown even to himself and where in the marketplace for 

CEOs it is possible that more capable managers are priced out of the market within 

the group of large companies. Within the context of our model the tighter distribution 

from which CEOs of large companies are drawn is consistent with the far greater 

predictability of performance for large-company CEOs and their far higher pay. Our 

results also do not appear to be supportive of Hermalin’s (2005) model in which it is 

advantageous to recruit CEOs of less precisely known talent.  
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In column 2 of Table 4 we provide estimates inclusive of period 2 career concerns 

relevant for agents that are not yet at the end of their careers. The slope term 

âip cannot be computed for each CEO as we do not know the distribution of talent 

prior to estimation. However, the average value can be estimated as follows: CEOs 

who were rehired in smaller firms from their current firm (empirically large) moved to 

an average firm size of 1
ˆ S

tK −  = $12,437.7m in equation (15), yielding a slightly 

modified version of equation (16) above given by: 

 ( )( ) ( )2ˆ ˆ ˆ ˆ ˆ
1 1 1 1

1 ˆˆ ( )g f gia ia S ia a ia
t t t t t tY K p K K Controls

γ γ γβ θ ξ
κ − − − −= + × + + + , (17) 

which crudely takes into account career concerns by having a uniform talent updating 

slope term ˆ
1

ai
tp p− ≡  which according to the theory should be CEO-specific but cannot 

be observed. It converges to p = 0.000058. Consequently, the estimated impact of 

career concerns, once the size of the firm relevant for movers is taken into account, is 

very large relative to the average size of the incentive term, ˆ
1

ia
tβ −  and is thus not 

realistic. With the inclusion of career concerns in the estimated equation it has the 

effect of raising the estimated Kappa coefficient by over ten fold which indicates a 

higher shadow price of effort and thus a smaller role for explicit incentives as was 

anticipated and also greater scale economies in effort (higher Gamma_f). Apart from 

these changes, the other alterations are quite small. 

The partial correlation matrix provided by Table 3 above shows that predicted 

conditional talent is positively and quite strongly correlated with end-of-period market 

wealth, total pay, and particularly total CEO income, but is negatively correlated with 

CEO equity-based incentives (Beta), and particularly CEO age. Younger CEOs 

appear to be more talented and will naturally also be more concerned about their 

future career. There is also a small negative correlation with years of experience with 
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the firm prior to becoming a CEO. This indicates that externally recruited CEOs tend 

to have higher talent and that firm-specific knowledge appears to be a liability. Within 

the entire market-based sample there is a slight positive correlation with size (total 

assets) consistent with the higher mean talent level for large firm managers.

To obtain the third element in the production function, observations on average dollar 

volatility of the firm during each CEO year are used to estimate the elasticity of the 

stochastic production function with respect to volatility:  

 ( ) ( ) ( )ˆ
1year dollar volatility ia i

t h t tln CEO ln ln Kσ γ ε−= + + , (18) 

utilizing the original 19,067 observations and the split samples of large and small 

firms that form the basis of the equation (18) estimates. These regression results are 

summarized in Table 4 above, along with the other coefficients of the stochastic 

production function. The results indicate that productivity is extremely sensitive to 

share price volatility with the scale elasticity ranging between 84 percent for the 

sample of large firms based on market values and as low as 50 percent for small firms 

based on accounting values. The summary sigma constant measure ranges from a low 

of 0.6 for large firms to 9.7 for small firms based on accounting values. 

The next question to be addressed is how total CEO pay responds to both increases in 

total assets under management and to conditional talent differences. While it is well-

established that CEO pay is higher in larger companies, we are not aware of studies 

showing the responsiveness of pay to differences in talent levels. To address these 

questions the log of ability, size, volatility and other variables are regressed on the log 

of a comprehensive measure of fiscal year CEO total (flow) pay sourced from 

ExecuComp in constant 2006 dollars: 
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( ) ( ) ( ) ( ) ( ) ( )

( ) ( )

ˆ ˆ ˆ
1

pre

ˆTtl py Fix py Dol Vol

Exp

a ia ia
t t K t t

yrs off it CEO CEO Dual Dual t t t t

ln ln ln ln ln K ln

ln Car lth ln Dum Res Dum Cont

θ β σρ θ ρ β ρ ρ

ρ ρ ρ ε

−= + + + +

+ + + + + +
, (19) 

where ln is the natural logarithm, θρ  is the elasticity with respect to ability, Kρ is the 

elasticity of pay with respect to the opening value of total assets under management, 

σρ  the elasticity with respect to the risk born by the manager (dollar 

volatility), years in officeρ is the elasticity of the length of the CEO’s tenure with the ith 

firm, pre CEO experienceρ is the elasticity with respect to years with the firm prior to 

appointment as CEO, and CEO dualityρ the impact of CEO-Chair duality. Experience with 

the firm prior to appointment was included when ExecuComp records such 

information so as to examine the role of firm-specific experience and the existence of 

internal CEO selection tournaments in setting CEO pay. Otherwise, it is assumed that 

the CEO was hired either externally or with little firm-specific knowledge prior to 

assuming the role.  

Since the predicted conditional talent levels include negative values and thus prevent 

the estimation of elasticity measures, the estimates were normalized with a mean of 

zero and standard deviation of unity. The distribution was then shifted to the right to 

ensure that all conditional talent estimates are positive prior to taking logs. A 

comprehensive measure of total pay from ExecuComp is used. Pay consists of salary 

plus bonus plus long-term incentive plan plus the value of new options and restricted 

stock allocated. Additional controls consist of two-digit industry dummies (not 

shown). Year dummies were deliberately excluded so as to be able to examine the 

capacity of the modeling to predict rising real pay levels over the sample period. The 

results are summarized in Table 5. 
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<< INSERT TABLE 5 ABOUT HERE>> 

The impact of the estimated talent for each CEO year in elasticity form on pay is 

shown in the second row of the Table. These impact estimates range from 30% for all 

firms to 110% for firms with positive income utilizing the accounting productivity 

measure and 18% for large firms based on market productivity. This indicates that 

CEOs employed by firms with positive performance capture over 67% their 

exceptional talent in the form of higher pay. By contrast, for negative performers the 

relationship is insignificant indicating the absence of penalty for poor performance. 

This would indicate that incentive contracts treat negative performance as having a 

component of bad luck with less severe penalties in place which is more conducive to 

risk-taking.  The elasticity of pay with respect to the incentive share, ˆ
1

ˆ ia
tβ − , is negative 

across the board. This indicates that CEOs are penalized by the board in terms of flow 

incentives when they possess stock incentives, either shares or the share equivalents 

of option holdings. Hence they are seen as substitutes by the board. 

For all firms based on the market measure the elasticity with respect to total assets is 

29% and lower at 25% for large firms and thus fairly consistent with the literature but 

is on the low side. This is to be expected because in our regressions managerial talent 

is held constant. Accounting measures produce slightly lower estimates of around 

20% and for firms with positive market performance the rate is 31%. The risk borne 

by the CEO is captured by the inclusion of the stock dollar volatility term, as 

indicated by the inclusion of risk in the pay schedule, equation (5) above. In the 

market-based regressions it has typically an elasticity of approximately 16% but is 

higher at around 28% based on accounting measures. Years in office is significantly 

rewarded with a relatively small positive elasticity of around 9% for additional years 
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in office. When the influence of career concerns on pay levels is taken into account in 

column 2, the differences are quite small. 

The elasticity estimates for years of experience with the firm prior to CEO 

appointment indicate that external appointees are paid more and that this experience is 

not rewarded. In fact, it is penalized with an elasticity of around 5%. The fact that pay 

falls with internal seniority casts doubt on the efficacy of internal tournaments for 

promotion to CEO (see, for example, Lazear and Rosen (1981)). CEOs who accept 

the dual role of board chair typically receive about 11.5% higher pay. However, for 

positive performers it is 8.5% and for negative, 13.6%, indicating some evidence that 

poor performers with influence pay themselves relatively more. Hence, this finding 

provides at least some support for rent-seeking arguments along the lines of Bebchuk 

and Fried (2004).  Finally, CEOs who die in office are paid at a much lower rate but 

Table 6 below reveals that talented managers who die in office have exceptionally 

high income. This is probably because older managers are more likely to own shares 

and, consequently, to receive less direct pay given evidence of substitutability. 

In Table 6 the same model as in Table 5 is used to explain total CEO income inclusive 

of share, and share equivalent of option holdings, ownership. The estimated pay 

sensitivity ˆ
1

a
tβ − , CEO income share times the change in the firm’s market value, is 

added to the ExecuComp flow pay estimate used in Table 5 to obtain estimates of the 

CEOs total income inclusive of incentives. Since firms experiencing negative 

shareholder income can result in overall negative CEO income, this turns out to be the 

case for several thousand CEO-years. The same log specification as in equation (19) 

was utilized to explain CEO income, requiring that negative observations be dropped.  

2646



 

 
 
    

42

Comparing Table 6 with Table 5, it is apparent that CEO conditional talent plays a 

much more important role in rewarding CEOs using a comprehensive income measure 

relative to the simple pay measure. For the entire sample using the market measure the 

sensitivity of income to talent is now much higher at 87%, rising to 185% for positive 

performers. Thus while the ˆ
1

a
tβ −  sensitivity measure tends to be small for CEOs of 

large firms, it especially rewards talented managers. Once again, the sensitivity of 

non-performers income to talent is quite low and is in fact reversed in sign for both 

measures. The sensitivity of income to ˆ
1

a
tβ −  is, naturally, positive with a typical 

elasticity of around 22%, rising to 29% for positive performers. However, the lower 

level of penalties for negative performers may be due to the truncation of negative 

CEO income at zero. The asset under management elasticity is low at 14% based on 

market productivity. Perhaps the most surprising finding is the high exposure of 

income to risk. For the overall sample it is 37%, rising as high as 56% for small firms 

and the accounting measure. This indicates once again that CEOs require much higher 

expected pay for bearing firm-specific risk due to high diversification costs.  

<< INSERT TABLE 6 ABOUT HERE>> 

Table 7 reports results indicating the ability of the CEO panel pay model summarized 

in Table 5 to explain the growth in real pay levels over the sample period. The actual 

mean pay, number of annual observations for market-based and accounting-based 

predictions and the corresponding estimates for the five categories of estimates are set 

out for each of eight sample years. For the overall category, the actual pay increased 

by 117% from 1993 to 2005 in real terms. The base year is 1993 instead of 1992 due 

to the small number of observations in the commencement year. Moreover, 2005 is 

chosen instead of 2006 because the very high average pay in 2006 seems anomalous. 
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Predicted pay increased by 50% whereas actual pay increased by 115%. Since there 

are no year or time dummies involved, the predicted rise is entirely due to explicable 

economic factors. Table 8 shows that these factors are firm size and risk (dollar 

volatility). For the 500 largest companies, firm size has increased by 108% and dollar 

volatility by 187%. 

<< INSERT TABLES 7 AND 8 ABOUT HERE>> 

 

5. Conclusions 

Our modeling shows that when it is sufficiently productive, the large firm expectedly 

pays higher salary than the small firm. (See Proposition 5). In a managerial 

assignment world with CEO talent common knowledge, it can be socially optimal that 

large firms (or firms with better production technologies) hire managers with high 

abilities.  Thus, it is conventionally argued that there should be a positive relationship 

between pay and firm size because large firms hire high ability managers who deserve 

high pay. However, in an agency world, a large firm (with better production 

technology) may not always be willing to hire a high (expected) ability manager, 

partly because most ability rent belongs to the agent in labor market competition and 

partly because salaries are affected by both the agent expected ability and its volatility.  

We argue that even when a large firm hires a low-ability manager, the expected pay 

for the low ability manager can be higher than that for a high-ability manager who is 

hired by a small firm, if the large firm’s productivity and the firm size are sufficiently 

higher and larger than those of the small firm.  We find that, indeed, CEOs in large 

firms are paid a lot more than in small firms but on average have only slightly higher 
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conditional talent. More importantly, CEOs in large firms have much higher talent 

risk-adjusted ability as ability dispersion is lower than for small firms.  

We also find that unlike Jensen and Murphy (1990) or Baker and Hall (2004), one 

may not claim a negative relationship between the sensitivity and the firm size as 

problematic without looking at relative productivities across firms. When we check 

these estimated productivities we find, indeed, that the sensitivity relationship with 

firm size is optimally negative in equilibrium. Schaefer (1998) found that the pay-

performance sensitivity is inversely proportional to the square root of firm size. 

We analyze managerial career paths which can also affect the contract sensitivity.  

Since we find that managerial ability contribution increases faster than the total 

market productivity volatility as the firm size increases, we expect that a manager 

who previously worked for a large firm will be given a contract with a higher 

sensitivity than a manager who previously worked for a small firm. We find 

significant statistical support for this hypothesis. 

Finally, we present a number of new and surprising empirical results that indicate 

there is some degree of alignment between CEO productivity with respect to scale and 

CEO pay. A noteworthy aspect of our findings is that while talented high-performing 

CEOs are financially rewarded, poorly performing CEOs do not seem to be penalized. 
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APPENDIX 

Proofs 

 
Proof of Proposition 1:Note that the sign of the performance sensitivity with respect 

to firm size: 
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The rest of the statement of the proposition is obvious. □ 

 

Proof of Proposition 2: Let 

ˆ

ˆ

ˆ

2( ) 2
2( )2

2( )2 2

1 ( , , )
( )

1 ( )
( )

a
g f

a h f

g h
a

k i
i

i
k

K K
K

r K
K

γ γθ
γ γθ

γ γ

θ

β σ
σ

κσ
σ σ

−
−

−

=
⎛ ⎞

+ +⎜ ⎟⎜ ⎟+⎝ ⎠

 

Then, we have  

 
( , , ) ( , , )

( , , ) ( , , ) .

b a

L
b

bS
a

L i S i

K k i k S i
kK

K K K K

K K dK K K d
K

θ

θ

θ θ

σ

θ θθ σ
θ

β σ β σ

β σ β σ σ
σ

−

∂ ∂
= +

∂ ∂∫ ∫
 

Since ( )/ ( )k
g hsign K signβ γ γ∂ ∂ = − , and 0

θ

β
σ
∂

<
∂

, if 0g hγ γ− ≥ and b aθ θ
σ σ< , then 

( , , ) ( , , ) 0b a
L i S iK K K K

θ θ
β σ β σ− > ; and if 0g hγ γ− ≤ and b aθ θ

σ σ> , then 

( , , ) ( , , ) 0b a
L i S iK K K K

θ θ
β σ β σ− < .  □ 

2653



 

 
 
    

49

Proof of Proposition 3:  Suppose that â  and b̂ are hired for the second period by the 

small and large firms, respectively.  Then, by condition (i), we have 
ˆˆ

1 1
ˆˆ( , ) ( , )S aS S bLa W b Wπ π≥ .  Thus,  
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Combining the above inequalities, we have: 
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On the other hand, by the zero profit condition for the small firm in the definition of 

equilibrium in the executive labor market, reservation certainty equivalent wealth 

levels ˆ ˆ
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Therefore, the assertion of the proposition follows. □ 
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Proof of Proposition 4:  Suppose that at time 0, agent â  is hired by firm k.  Then by 

Proposition 3, we know that agent â  will move to firm i (=S,L) for the second period 

with a certainty equivalent wealth of ˆ
ˆ ˆ

1 1 ˆ( ( ) [ | ( )] ( , , ))a
a S a k k SW g K E Y a K K

θ
θ σ= + Φ . 

Note that ˆ
1
aW  is unaffected by the agent’s choice of a firm to join for the second 

period.  Then, given contract ˆ ˆ
1 1ˆ ˆ( ) ( )k ak ak kS a Y aα β= + , the agent’s expected utility at 

time 0 is:  
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By the FOC with respect to effort level e, we have first-period pay sensitivity of: 
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and the expected profit to firm i for the first period is: 
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Then the FOC with respect to effort e for firm i to maximize expected profit implies:  
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Thus, the sensitivity of the contract at time 0 becomes as stated in (10), and the 

expected compensation as in (11). 

On the other hand, by Definition 1-(ii), the equilibrium certainty equivalent wealth of 

agent â  is ˆ ˆ ˆ
ˆ
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σ σ= + Φ + Ψ .  Thus by substituting 

this certainty equivalent wealth and the FOC back into equation (A3), we have 

equation (12). □  

 
Proof of Proposition 5: If agent â  ( { },a b∈ ) were hired by the small firm, 

Proposition 4 implies the net profit to the firm would be as follows: 
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If agent â ( { },a b∈ ) were hired by the large firm, the profit to the firm would be as 

follows: 
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On the other hand, Definition 1-(i) implies the following condition should hold in 

equilibrium for agent b to be hired by the large firm. 
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By substitution,  
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The above inequality holds under the stated hypotheses of the proposition □ 

Proof of Proposition 6: From equations (13) and (14), we have  
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For the second statement, note that since 2 ,   2 ,  g f h fγ γ γ γ< < and g hγ γ≤ , we have 

( , , ) 0k S
k K K

K θσ
∂

Φ <
∂

, and ( , ) 0K
K θσ
∂
Ψ >

∂
. Therefore, 1 1[ ] [ ] 0.L SE S E S− ≥  □ 

Starting Values for Non-Linear Estimation 
 
In order to be able to estimate the production function in levels starting values of the 

parameters are required for non-linear estimation of the period 2 model excluding 

career concerns. Equation (15) is modified to remove the term kp and then rearranged 

as: 

 { } ( )( )( )2ˆ ˆ ˆ ˆ ˆ ˆ
1 1 1 1 1

1ˆ ˆˆ ˆ ˆ ˆ ˆˆ( ) ( ) g fg hia a ia ia i ia S ia
t t t t t t t tY K K K p K

γ γγ γθ σ ε β
κ− − − − −

⎡ ⎤− + = +⎢ ⎥⎣ ⎦
. (A4) 

Since the econometrician cannot observe the CEO-specific talent updating terms in 

equation (15), we have ˆ
1

ai
tp p− ≡  in equation (A4) above as a coefficient to be 

estimated for period 1 in the model with this coefficient set to zero in period 2. 
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We obtain initial starting estimates of the effort and ability production elasticities in 

turn, beginning with the effort elasticity. These starting values are then used in the 

direct estimation of the non-linear production function. We take advantage of the fact 

that the ability of the â th agent, 
â

tθ , is a drawing from a random distribution and thus 

may not be systematically related to capital stock size ˆ
1

ˆ ia
tK −  and that i

tε is a standard-

normal random variable with a zero mean. Thus as an approximation we can take the 

expression in square brackets on the LHS of equation (A4) to be zero in expectation. 

On taking logarithms we now obtain a simple estimable equation using ordinary least 

squares (OLS): 

 
( )( ) ( )ˆ

1
ˆ
1 1

ˆ 1 ˆ2
ˆ ˆ g

ia
iat

f t
ia S
t t

Yln ln ln K
K p

γ γ
κβ

−

− −

⎧ ⎫
⎪ ⎪ ⎛ ⎞= +⎨ ⎬ ⎜ ⎟

⎝ ⎠⎪ ⎪+
⎩ ⎭

, (A5) 

with the intercept estimate 0
1ˆ lnα
κ
⎛ ⎞= ⎜ ⎟
⎝ ⎠

, the (common) marginal cost of effort 

coefficient, 0ˆˆ e ακ −= , the estimated effort elasticity with respect to the production 

function, 1
1ˆ ˆ
2fγ α= , where 1α̂  is the slope coefficient. These values are then used as 

starting values in the non-linear estimation of the regression equation based on the 

production function, equations (16) and (17) in the text. The use of the non-linear 

approach is true to the assumed additive nature of the specified error structure. 

The starting values for the ability elasticity and mean ability level are now estimated 

as follows: Once again setting the error term i
tε  to its expected value of zero and 

kp to zero, we have by rearranging equation (15) in the text: 

 ( )( )( ) ( )ˆ2ˆ ˆ ˆ ˆ
1 1 1 1

1 ˆ ˆˆ ˆ ˆ ˆˆ( ) ( )
ˆ

g fi ia S ia a ia
t t t t t g tln Y a K p K ln ln K

γ γ
β θ γ

κ − − − −
⎡ ⎤− + = +⎢ ⎥⎣ ⎦

, (A6) 
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where ˆˆ a
tθ  denotes the mean level of ability for the sample. 
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Table 1: Summary Statistics of CEO Careers, 1992-2006, Based on Market 

Productivity/Wealth 
Fiscal year values in constant 2006 dollars based on the CPI. Sources are S&P ExecuComp, S&P 
Compustat and CRSP. All CEOs excluding those in financial services and with tenure of at least one 
year in one firm are included. Market wealth/productivity consists of the total market value of assets 
(equity plus total debt) at fiscal year end plus the net value of all distributions to equity and debt 
holders during the year. Pay-performance sensitivity ( ˆ

1
ˆ ia

tβ − ) consists of the proportion of shares on 
issue held by the CEO at fiscal year open from ExecuComp inclusive of restricted stock plus the share 
equivalent (hedge ratio value) of his option holdings based on the Black Scholes formula. Total Pay 
consists of the value of salary plus bonus plus restricted stock grants plus the value of option grants as 
reported by ExecuComp and converted to 2006 prices. Total CEO income consists of Total Pay as 
before plus ˆ

1
ˆ ia

tβ −  times the change in the firm’s equity market value. The dollar volatility of the firm’s 
stock is computed from CRSP data as the product of the standard deviation of returns and the opening 
value of market capitalization for each financial year. The CEOs firm experience prior to being 
appointed CEO is computed from the date the CEO joined the firm until appointed CEO where this is 
recorded by ExecuComp. Where this information is not reported the CEO is assumed to have been 
externally recruited. The average age of the CEO over his tenure is computed for the smaller sample of 
CEOs for which ExecuComp supplies this information. The larger and smaller firm samples are 
obtained by equally dividing the entire sample of size-ranked CEO fiscal years. The sample of positive 
and negative performances are found by dividing the sample between CEO fiscal years in which the 
income to claimants on the firm (dividends plus capital gains plus distributions to debt holders) is 
positive and the remainder for which the income is negative. 
     

Variable No. Mean Median Std Dev Min Max

 Mkt Val Terminal Wlth ($M) 19,067 12,962 2,349 46,238 -63,546 1,119,028
Mkt Val Ttl Asts ($M) 19,067 13,088 2,480 45,890 0 1,078,253
Beta (PPS) 19,067 0.0277 0.0030 0.0674 0.0000 0.7370
Total Pay ($000) 18,892 5,073 2,479 19,301 0 2,268,428
Total Income ($000) incl. Shares 18,850 20,735 3,091 608,649 -32,528,084 47,694,393
Dol Volat ($M) 19,067 1,946 427 7,332 1 220,876
Career Length (Yrs) 19,067 6.7 6 3.5221 1 15
Yrs Exp (Pre-CEO) 19,067 6.6 2 8.7021 0 48
CEO Age (Yrs) 13,316 55.5 56 7.8 29 91

 Mkt Val Terminal Wlth ($M) 9,533 24,913 8,002 63,163 -63,546 1,119,028
Mkt Val Ttl Asts ($M) 9,533 25,151 8,255 62,616 2,480 1,078,253
Beta (PPS) 9,533 0.0173 0.0016 0.0532 0.0000 0.5829
Total Pay ($000) 9,461 7,844 4,473 26,815 0 2,268,428
Total Income ($000) incl. Shares 9,452 33,505 5,203 854,298 -32,528,084 47,694,393
 Dol Volat ($M) 9,533 3,642 1,200 10,083 11 220,876
Career Length (Yrs) 9,533 6.9 7 3.4727 1 15
Yrs Exp (Pre-CEO) 9,533 8.6 4 10.0373 0 43
CEO Age (Yrs) 6,407 56.0 56 7.3 29 85

Overall Sample

Sample of Large Firms
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Table 1: Continued. 

Variable No. Obs. Mean Median Std Dev Min Max

 Mkt Val Terminal Wlth ($M) 9,534 1,012 831 1,026 -25,559 21,241
Mkt Val Ttl Asts ($M) 9,534 1,026 898 635 0 2,480
Beta (PPS) 9,534 0.0381 0.0061 0.0777 0.0000 0.7370
Total Pay ($000) 9,431 2,293 1,479 3,083 0 67,725
Total Income ($000) incl. Shares 9,398 7,891 1,797 93,421 -450,656 7,912,450
Dol Volat ($M) 9,534 249 180 288 1 16,507
Career Length (Yrs) 9,534 6.6 6 3.5666 1 15
Yrs Exp (Pre-CEO) 9,534 4.6 2 6.5385 0 48
CEO Age (Yrs) 6,909 55.1 55 8.3 29 91

 Mkt Val Terminal Wlth ($M) 8,713 16,401 3,084 55,389 13 1,119,028
Mkt Val Ttl Asts ($M) 8,713 13,673 2,423 48,688 0 966,654
Beta (PPS) 8,713 0.0307 0.0031 0.0728 0.0000 0.7370
Total Pay ($000) 8,643 5,548 2,733 25,766 0 2,268,428
Total Income ($000) incl. Shares 8,631 63,613 6,360 783,573 -581,074 47,694,393
Dol Volat ($M) 8,713 1,715 405 5,273 1 112,151
Career Length (Yrs) 8,713 6.9 7 3.5038 1 15
Yrs Exp (Pre-CEO) 8,713 6.9 2 8.9142 0 48
CEO Age (Yrs) 6,263 55.5 55 7.8 30 90

 Mkt Val Terminal Wlth ($M) 10,354 10,068 1,810 36,567 -63,546 913,421
Mkt Val Ttl Asts ($M) 10,354 12,596 2,530 43,392 0 1,078,253
Beta (PPS) 10,354 0.0252 0.0029 0.0623 0.0000 0.5780
Total Pay ($000) 10,249 4,672 2,270 11,249 0 805,983
Total Income ($000) incl. Shares 10,219 -15,481 1,528 402,418 32,528,08 5,295,721
Dol Volat ($M) 10,354 2,140 449 8,690 2 220,876
Career Length (Yrs) 10,354 6.6 6 3.5284 1 15
Yrs Exp (Pre-CEO) 10,354 6.3 2 8.5100 0 48
CEO Age (Yrs) 7,053 55.6 56 7.9 29 91

Sample of Small Firms

Sample of Firms with Positive Market Performace

Sample of Firms with Negative Market Performace
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Table 2: Summary Statistics of CEO Careers, 1992-2006, Based on Accounting 
Productivity 

Fiscal year values in constant 2006 dollars based on the CPI. Sources are S&P ExecuComp, S&P 
Compustat and CRSP. All CEOs excluding those in financial services and with tenure of at least one 
year in one firm are included. Accounting wealth/productivity consists of the total book value of assets 
(equity plus total debt) at fiscal year end plus the net value of all distributions to equity and debt 
holders during the year. The sample of positive and negative performances are found by dividing the 
sample between CEO fiscal years in which the income to claimants on the firm (accounting income 
plus distributions to debt holders) is positive and the remainder for which the income is negative. The 
remaining variables are defined as in Table 1.

Variable No. Obs. Mean Median Std Dev Min Max

Book Val Terminal Wlth ($M) 19,067 8,205 1,239 35,568 -88,737 1,073,094
Book Val Ttl Asts ($M) 19,067 8,585 1,423 35,447 0 922,600
Beta (PPS) 19,067 0.0277 0.0030 0.0674 0.0000 0.7370
Total Pay ($000) 18,892 5,073 2,479 19,301 0 2,268,428
Total Income ($000) incl. Shares 18,850 20,735 3,091 608,649 -32,528,084 47,694,393
Dol Volat ($M) 19,067 1,946 427 7,332 1 220,876
Career Length (Yrs) 19,067 6.7 6 3.5221 1 15
Yrs Exp (Pre-CEO) 19,067 6.6 2 8.7021 0 48
CEO Age (Yrs) 13,316 55.5 56 7.8 29 91

Book Val Terminal Wlth ($M) 7,830 10,127 1,413 44,608 8 1,073,094
Book Val Ttl Asts ($M) 7,830 8,894 1,198 40,090 0 922,600
Beta (PPS) 7,830 0.0340 0.0037 0.0758 0.0000 0.7370
Total Pay ($000) 7,757 5,116 2,504 8,747 0 195,897
Total Income ($000) incl. Shares 7,744 45,380 3,970 787,434 -10,238,235 47,694,393
Dol Volat ($M) 7,830 2,060 441 7,336 7 220,876
Career Length (Yrs) 7,830 6.9 7 3.4921 1 15
Yrs Exp (Pre-CEO) 7,830 6.7 2 8.7200 0 48
CEO Age (Yrs) 5,580 55.5 55 8.0 30 86

Book Val Terminal Wlth ($M) 11,237 6,867 1,123 27,491 -88,737 763,917
Book Val Ttl Asts ($M) 11,237 8,371 1,600 31,813 0 854,169
Beta (PPS) 11,237 0.0234 0.0027 0.0604 0.0000 0.6298
Total Pay ($000) 11,135 5,043 2,467 24,058 0 2,268,428
Total Income ($000) incl. Shares 11,106 3,550 2,661 442,419 -32,528,084 23,636,837
Dol Volat ($M) 11,237 1,866 420 7,328 1 219,824
Career Length (Yrs) 11,237 6.6 6 3.5350 1 15
Yrs Exp (Pre-CEO) 11,237 6.5 2 8.6881 0 48
CEO Age (Yrs) 7,736 55.6 56 7.8 29 91

Sample of Firms with Positive Accounting Performace

Sample of Firms with Negative Accounting Performace

Overall Sample
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Table 3: Partial Correlation Coefficient Matrix for Entire Sample Utilizing Company Market Productivity, 1992-2006 
 

Talent Wealth Asset Beta Pay Income Volat Career Exper Age
Pred Talent (Theta) 1
Mkt Terminal Wealth 0.0669 1
Mkt Val Total Assets 0.0180 0.9739 1
Beta (income share) -0.0451 -0.0486 -0.0535 1
Total Pay (ExecuComp) 0.0313 0.1540 0.1554 -0.0354 1
Total Income  incl. Shares 0.0761 0.0976 0.0339 0.0846 0.0317 1
Dollar Volatility 0.0049 0.6065 0.6618 -0.0339 0.1625 -0.0130 1
CEO Career Length (Yrs) -0.0039 0.0290 0.0211 0.1625 0.0069 0.0181 0.0244 1
Yrs Experience (Pre-CEO) -0.0084 0.1602 0.1588 -0.0486 0.0071 -0.0045 0.1016 0.0565 1
CEO Age -0.0462 0.0214 0.0175 0.1264 -0.0029 -0.0111 -0.0112 0.0401 0.0836 1

2663



 

 

Table 4: CEO Production Function - Non-Linear Regression  
  

Equation Estimates  
Non-linear regression estimates of the CEO production function as given by equation (16) in the text. 
The dependent variable is the residual based on the financial year total dollar market wealth (total 
market value of assets at end of year plus total net distributions made up of dividends and interest 
payments less the net value of new equity and debt capital raisings) for each of the three market 
samples, All Firms, Large Firms, and Small Firms and total dollar accounting wealth (total book value 
of assets at end of year plus total distributions made up of dividends and interest payments) for each of 
the three accounting samples. The three coefficients, Kappa (κ ), Gamma_f ( fγ ), and Gamma_g 

( gγ ), are estimated separately for the entire market sample and entire accounting sample and the two 
subsamples of large and small stocks. The coefficient representing the impact of career concerns is 
estimated only for the entire sample using the market method. The coefficients for the entire market 
sample are applied to firm CEO years with positive incomes (dividends plus capital gains plus total 
payments to debt holders) and also to firm-years with negative incomes. The average Theta (θ ) (CEO 
ability) factor is estimated for the entire sample and the large and small sub-samples. The mean and 
standard deviation, values of Theta ( ijθ ) are also implied by treating the estimated production function 
as an identity with differing Theta values for each CEO year are reported for the large and small 
subsamples respectively.  

Coefficient Large Small
Accg. Mkt. Accg. Mkt. Accg. Mkt. Mkt.

NA Career NA NA NA NA NA NA NA
Kappa (κ) 0.4703* 5.8908* 0.5603* 0.4703* 0.5603* 0.4703* 0.5603* 3.5356* 0.0072***
( t-value) (10.07) (11.38) (12.03) (10.07) (12.03) (10.07) (12.03) (8.15) (1.94)
Shadow Price Career (p ) NA 0.000058* NA NA NA NA NA NA NA
( t-value) NA (11.13) NA NA NA NA NA NA NA
Gamma_f (γf) 0.4290* 0.5369* 0.4415* 0.4290* 0.4415* 0.4290* 0.4415* 0.5172* 0.0334

( t-value) (108) (218) (133) (108) (133) (108) (133) (104) (0.92)
Gamma_g (γg) 0.9851* 0.9674* 0.9956* 0.9851* 0.9956* 0.9851* 0.9956* 0.9980* 0.9274*

( t-value) (7,565) (589) (8,425) (7,565) (8,425) (7,565) (8,425) (5,414) (880)
Est. Av. Ability (θ)) 1.1827* 1.1296* 1.0327* 1.3640* 1.1665* 0.9920* 0.8877* 1.0024* 1.6520*
( t-value) (616) (470) (679) (686) (816) (526) (510) (436) (137)
Slope: Pred Prod 1.0018* 1.0008* 1.0022* 0.9975* 0.9990* 1.0050* 1.0028* 0.9993* 1.0206*
( t-value) (595) (595) (665) (661) (799) (511) (497) (406) (70.34)
RSq 0.9489 0.9490 0.9586 0.9805 0.9879 0.9618 0.9564 0.9454 0.3417

Pred Ability (θ)) Mean 1.1287 1.093307 0.94073 1.4289 1.1901 0.8809 0.7873 1.0050 NA
Pred Ability (θ)) Std Dev 0.4817 0.563253 0.42619 0.4799 0.2943 0.3126 0.4223 0.4286 NA

Pred Ability (θ)) Mean 1.09262 1.071099 0.8916 1.5753 1.2325 0.6789 0.6235 NA 1.6329
Pred Ability (θ)) Std Dev 0.96633 1.074954 0.89531 1.0272 0.9350 0.6775 0.7624 NA 1.3685

Gamma_h (γh) 0.8122* 0.8122* 0.6556* 0.8122* 0.6556* 0.8122* 0.6556* 0.8389* 0.7735*

( t-value) (256) (256) (151) (256) (151) (256) (151) (118) (94.12)
Sigma σ 0.7567* 0.7567* 3.8143* 0.7567* 3.8143* 0.7567* 3.8143* 0.5888* 0.9838
( t-value) (10.78) (10.78) (40.62) (10.78) (40.62) (10.78) (40.62) (7.97) (0.30)
RSq 0.7741 0.7741 0.5455 0.7741 0.5455 0.7741 0.5455 0.5931 0.4820

All Firms
Mkt.

Dollar Volatility Regression

Sample of Large Firms

Sample of Small Firms

Pos Wlth Gain Neg Wlth Gain
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Table 5: Determinants of CEO (Flow) Pay Levels (in Logarithms) Based on 

ExecuComp Pay Data, 1992-2006, in 2006 Prices 
Equation (19) in the text is estimated for each of the five groups identified in Table 4 and using the 
predicted ability/talent estimates from Table 4 for each of the five groups. 
Variable Large Small 

Acc Mkt Acc Mkt Acc Mkt Mkt
NA Career NA NA NA NA NA NA NA

Intercept Log(Fix Pay) 2.7153* 2.7394* 3.6034* 3.5634* 3.5587* 3.1179* 3.7198* 3.1633* 3.4150*
( t-value) (12.76) (12.56) (15.77) (16.83) (14.02) (13.12) (15.52) (12.36) (14.13)
Log Pred. Ability (θ) 0.3043* 0.2817* 0.0576 0.6685* 1.1039* -0.0157 -0.0389 0.1785* 0.1763*
( t-value) (5.20) (4.85) (0.96) (13.26) (14.58) (0.27) (0.66) (2.63) (3.54)
Log  Beta (PPS) -0.0149* -0.0151* -0.0144* -0.0058 -0.0055 -0.0197* -0.0150* -0.0116** -0.0146*
( t-value) (5.82) (5.87) (5.61) (1.53) (1.40) (5.78) (4.39) (2.51) (5.13)
Log Total Assets 0.2961* 0.2960* 0.2012* 0.3048* 0.2290* 0.3470* 0.2196* 0.2543* 0.3067*
( t-value) (25.21) (25.20) (25.11) (15.88) (17.75) (23.08) (20.46) (12.79) (17.59)
Log Dollar Volatility 0.1624* 0.1626* 0.2760* 0.1558* 0.2383* 0.1195* 0.2614* 0.1684* 0.1467*
( t-value) (13.67) (13.68) (33.99) (7.90) (18.34) (7.97) (24.13) (9.39) (9.29)
Log Years in Office 0.0913* 0.0913* 0.0871* 0.0672* 0.0793* 0.1020* 0.1018* 0.1078* 0.0824*
( t-value) (7.72) (7.72) (7.36) (3.65) (4.15) (6.75) (6.81) (5.52) (5.86)
Log Yrs Pre-CEO Exp -0.0527* -0.0527* -0.0527* -0.0461* -0.0390* -0.0604* -0.0565* -0.0623* -0.0409*
( t-value) (8.00) (8.01) (8.00) (4.60) (3.73) (7.06) (6.72) (6.23) (4.70)
Chair-CEO Duality 0.1151* 0.1150* 0.1172* 0.0855* 0.1033* 0.1362* 0.1175* 0.1516* 0.0804*
( t-value) (7.47) (7.47) (7.61) (3.66) (4.28) (6.81) (5.93) (5.82) (4.50)
Departure-Resigned -0.0240 -0.0240 -0.0259 -0.0343 -0.0717*** -0.0019 -0.0083 0.0247 -0.0665**
( t-value) (0.97) (0.98) (1.05) (0.87) (1.77) (0.06) (0.27) (0.58) (2.37)
Departure-Retired -0.0790* -0.0789* -0.0720* -0.0584** -0.0864* -0.0876* -0.0564** -0.0737* -0.1015*
( t-value) (4.10) (4.09) (3.74) (1.96) (2.81) (3.54) (2.31) (2.67) (3.71)
Departure-Deceased -0.3125* -0.3130* -0.2993* -0.3677* -0.3180* -0.2446* -0.2698* -0.2178*** -0.3709*
( t-value) (4.59) (4.59) (4.39) (3.69) (3.13) (2.67) (2.96) (1.75) (4.95)
No Observations 16,675 16,675 16,675 7,716 6,998 8,959 9,677 8,379 8,296
RMSQ 0.8955 0.8956 0.8961 0.9255 0.9122 0.8487 0.8714 1.0010 0.7664
RSq 0.3932 0.3931 0.3923 0.3870 0.4025 0.4262 0.4063 0.2468 0.2250
*Significant at 1%; **Significant at 5%; ***Significant at 10%

Mkt
Neg IncomePos IncomeAll Firms
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Table 6: Determinants of CEO Income Levels (in logs), Based on Execucomp Pay 
plus Imputed Share Income, 1992-2006, in 2006 Prices 
The same equation (19) is estimated as in Table 5 except that the dependent variable is now CEO 
income made up of total pay as given by ExecuComp plus the income from shares and option holdings 
equivalents based on the ˆ

1
ˆ ia

tβ −  income share of the annual change in equity market capitalization. 
Variable Large Small 

Acc Mkt Acc Mkt Acc Mkt Mkt
NA Career NA NA NA NA NA NA NA

Intercept Log(Fix Pay) 2.7153* 2.7394* 3.6034* 3.5634* 3.5587* 3.1179* 3.7198* 3.1633* 3.4150*
( t-value) (12.76) (12.56) (15.77) (16.83) (14.02) (13.12) (15.52) (12.36) (14.13)
Log Pred. Ability (θ) 0.3043* 0.2817* 0.0576 0.6685* 1.1039* -0.0157 -0.0389 0.1785* 0.1763*
( t-value) (5.20) (4.85) (0.96) (13.26) (14.58) (0.27) (0.66) (2.63) (3.54)
Log  Beta (PPS) -0.0149* -0.0151* -0.0144* -0.0058 -0.0055 -0.0197* -0.0150* -0.0116** -0.0146*
( t-value) (5.82) (5.87) (5.61) (1.53) (1.40) (5.78) (4.39) (2.51) (5.13)
Log Total Assets 0.2961* 0.2960* 0.2012* 0.3048* 0.2290* 0.3470* 0.2196* 0.2543* 0.3067*
( t-value) (25.21) (25.20) (25.11) (15.88) (17.75) (23.08) (20.46) (12.79) (17.59)
Log Dollar Volatility 0.1624* 0.1626* 0.2760* 0.1558* 0.2383* 0.1195* 0.2614* 0.1684* 0.1467*
( t-value) (13.67) (13.68) (33.99) (7.90) (18.34) (7.97) (24.13) (9.39) (9.29)
Log Years in Office 0.0913* 0.0913* 0.0871* 0.0672* 0.0793* 0.1020* 0.1018* 0.1078* 0.0824*
( t-value) (7.72) (7.72) (7.36) (3.65) (4.15) (6.75) (6.81) (5.52) (5.86)
Log Yrs Pre-CEO Exp -0.0527* -0.0527* -0.0527* -0.0461* -0.0390* -0.0604* -0.0565* -0.0623* -0.0409*
( t-value) (8.00) (8.01) (8.00) (4.60) (3.73) (7.06) (6.72) (6.23) (4.70)
Chair-CEO Duality 0.1151* 0.1150* 0.1172* 0.0855* 0.1033* 0.1362* 0.1175* 0.1516* 0.0804*
( t-value) (7.47) (7.47) (7.61) (3.66) (4.28) (6.81) (5.93) (5.82) (4.50)
Departure-Resigned -0.0240 -0.0240 -0.0259 -0.0343 -0.0717*** -0.0019 -0.0083 0.0247 -0.0665**
( t-value) (0.97) (0.98) (1.05) (0.87) (1.77) (0.06) (0.27) (0.58) (2.37)
Departure-Retired -0.0790* -0.0789* -0.0720* -0.0584** -0.0864* -0.0876* -0.0564** -0.0737* -0.1015*
( t-value) (4.10) (4.09) (3.74) (1.96) (2.81) (3.54) (2.31) (2.67) (3.71)
Departure-Deceased -0.3125* -0.3130* -0.2993* -0.3677* -0.3180* -0.2446* -0.2698* -0.2178*** -0.3709*
( t-value) (4.59) (4.59) (4.39) (3.69) (3.13) (2.67) (2.96) (1.75) (4.95)
No Observations 16,675 16,675 16,675 7,716 6,998 8,959 9,677 8,379 8,296
RMSQ 0.8955 0.8956 0.8961 0.9255 0.9122 0.8487 0.8714 1.0010 0.7664
RSq 0.3932 0.3931 0.3923 0.3870 0.4025 0.4262 0.4063 0.2468 0.2250
*Significant at 1%; **Significant at 5%; ***Significant at 10%

Mkt
Neg IncomePos IncomeAll Firms
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Table 7: Actual and Predicted Mean CEO Total Pay Based on ExecuComp by 
Years in 2006 Prices, $000 

The pay prediction model as set out in equation (19) and Table 5 is used to predict pay levels in the 
prices of 2006 by the eight years specified in the table below and for the five sample categories broken 
down by market and accounting productivity measures. Actual average pay based on ExecuComp and 
the sample sizes for the years involved are also presented. 

 

Year Act Mean Pay No Obs Mkt. No Obs Accg.

1992 3,207 317 4,603 317 4,572
1993 2,779 1029 3,549 1029 3,499
1995 2,913 1436 3,306 1436 3,234
2000 7,029 1435 5,732 1435 6,199
2002 5,703 1306 5,652 1306 6,165
2004 5,814 1220 5,198 1220 5,295
2005 5,986 1159 5,313 1159 5,422
2006 8,683 934 5,613 934 5,775

1992 3,577 256 4,908 251 5,009
1993 3,490 535 4,387 544 4,384
1995 4,429 607 4,488 612 4,386
2000 10,139 729 7,419 707 7,920
2002 8,384 687 7,227 689 7,789
2004 8,292 678 6,441 689 6,553
2005 8,212 675 6,450 683 6,581
2006 12,286 585 6,601 590 6,802

1992 1,797 61 1,388 66 1,648
1993 1,981 494 1,546 485 1,582
1995 1,787 829 1,436 824 1,463
2000 4,009 706 1,804 728 2,593
2002 2,708 619 1,763 617 2,121
2004 2,599 542 1,703 531 1,832
2005 2,792 484 1,737 476 1,876
2006 2,503 349 1,748 344 1,907

1992 3,390 163 4,968 117 5,187
1993 2,878 528 4,109 458 4,063
1995 2,954 888 4,051 724 3,718
2000 8,502 628 6,784 564 7,910
2002 6,432 285 4,798 380 6,653
2004 6,029 610 5,920 476 6,274
2005 6,588 450 5,507 375 5,733
2006 6,365 413 6,542 305 6,687

1992 3,099 154 4,421 200 4,402
1993 2,700 501 3,261 571 3,283
1995 2,872 548 2,783 712 3,054
2000 6,075 807 5,297 871 5,922
2002 5,403 1021 5,427 926 5,977
2004 5,676 610 4,671 744 4,787
2005 5,697 709 5,194 784 5,397
2006 9,807 521 4,901 629 5,407

Negative Income

All Firms

Large Firms

Positive Income

Small Firms
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Table 8: Increase in Firm Size and Dollar Volatility, 1992-2006, in $2006 Prices 

Observations on the total market value of assets and risk (dollar volatility) are presented for two years, 
1992 and 2006, for the top 100 firms and top 500. 
 

Sample Year Mean Median Std Min Max

Top 100 1993 59,416 38,532 58,102 20,844 344,716
2005 134,717 71,522 187,000 34,614 1,078,253

% Change 126.7% 85.6% 221.8% 66.1% 212.8%
Top 500 1993 17,746 7,539 33,515 2,273 344,716

2005 36,902 12,459 96,892 3,933 1,078,253
% Change 107.9% 65.3% 189.1% 73.1% 212.8%

Top 100 1993 3,579 2,805 3,344 232 23,561
2005 10,786 7,002 11,793 330 76,798

% Change 201.4% 149.7% 252.6% 42.1% 226.0%
Top 500 1993 1,239 665 1,941 81 23,561

2005 3,558 1,676 6,502 19 76,798
% Change 187.1% 152.1% 234.9% -76.1% 226.0%

Dollar Volatility

Total Market Value of Assets
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1. Introduction 

 

When an asset is listed on several markets, an important question that arises is how 

informative each market is about that asset’s price. In the market microstructure 

literature this topic is known as price discovery (see, e.g., Hasbrouck, 1995). The 

study of price discovery relies on the implicit assumption that price differentials 

between markets are bounded due to arbitrage opportunities and hence prices are 

cointegrated. However, such price differentials can only be measured when prices are 

observed in each market and thus studies are typically conducted for the period during 

which the different markets’ trading hours overlap (e.g., Eun and Sabherwal, 2003 

and Pascual et al., 2006). With the exception of a few studies, the overlap in trading 

hours is generally small. This could render conclusions about the informational roles 

of the different markets incomplete. 

  

A second important issue, raised by Grammig et al. (2005), is that the informational 

role of different markets can be better assessed when the exchange rate is incorporated 

into the price discovery model. By incorporating the exchange rate into the model, 

one can assess whether a price change in a given market is a response to a price 

change in the other market or to a change in the exchange rate. Excluding the 

exchange rate could therefore lead to inaccurate conclusions about the informational 

role of each market. 

  

A third issue is that most studies so far have focused on cross-listings of non-US firms 

that list their shares, or derivatives thereof (ADRs, etc.), in the US. Cross-listing in the 

US may be a natural first choice as the US has the largest capital markets. Cross-

listings in different markets may be for different motives and affect the informational 

role of each market.   

 

In this paper we address the issues raised above. In particular, we assess price 

discovery for cross-listed stocks in two highly integrated markets that share a large 

overlap in trading hours (under normal circumstances five hours), namely, the 

Australian Stock Exchange (ASX) and the New Zealand Stock Exchange (NZX), for 

the extended period of January 2002 to December 2005. In doing so, we use both the 
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Hasbrouck (1995) methodology and the Grammig et al. (2005) methodology. Besides 

having a large overlap in trading hours these markets have another interesting feature: 

both markets cross-list shares in the other market, i.e., Australian shares have cross-

listings in New Zealand and vice versa. This provides an excellent opportunity to 

assess whether, for these bilateral cross-listings, the home market is dominant as 

found by studies that consider unilateral cross-listings (e.g., Pascual et al., 2006 and 

Su and Chong, 2007), or whether the larger market (Australia) dominates. Finally, by 

determining the degree of price discovery for each stock over various sub-periods, we 

can assess the informational evolution of each market over time. 

 

Our price discovery analysis leads to several interesting findings. First, in line with 

previous research (e.g., Grammig et al., 2005 and Pascual et al., 2006), we find that 

the home markets are dominant in terms of price discovery, both when prices are 

converted into a single currency and when incorporating the exchange rate into the 

model. This suggests that price discovery is not affected by the ASX being much 

larger than the NZX. Second, when assessing price discovery over time in a single 

currency, we find that for both Australian and New Zealand domiciled stocks the 

information share for the ASX increases. However, when we incorporate the 

exchange rate we find that the Australian market’s importance diminishes 

considerably and manifests itself only in the NZX. A likely explanation is the role of 

the exchange rate, as the determination of the exchange rate is not exogenous to the 

prices in the two markets, but is affected by ASX and NZX price shocks.  

 

The remainder of this paper is organized as follows. Section 2 discusses some of the 

relevant literature on price discovery in the context of cross-listed shares. Section 3 

describes the Hasbrouck (1995) information share model and Grammig et al.’s (2005) 

extension, with endogenous exchange rates. Section 4 presents the data and reports 

summary statistics. Section 5 reports the results. Finally, Section 6 concludes. 

 

2. Literature Review 

 

Price discovery has been examined in a variety of market settings and for various 

asset classes. One question of particular interest relates to the dynamics of assets 
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listed on multiple exchanges. The dramatic increase in the number of companies 

cross-listed on foreign exchanges in recent years has made it both necessary and 

important to consider where information is impounded into prices (Eun and 

Sabherwal, 2003). 

 

The study of price discovery for companies listed on multiple exchanges initially 

focused on the informational role of the NYSE and other regional US stock markets. 

Harris et al. (1995), for instance, examine the price discovery of IBM on the NYSE 

and two other regional exchanges and observe that all three markets play an important 

role in the price discovery of IBM. Hasbrouck (1995) goes further and defines a 

measure of the relative importance of the various markets’ contributions to price 

discovery, called the information share. Based on a sample of 30 DJIA companies, 

Hasbrouck shows that NYSE price changes represent 92.7% of the price discovery, 

with other regional exchanges making up the remainder. More recently, Harris et al. 

(2002) examine the importance of the NYSE in comparison to regional exchanges 

over time. While they show that the NYSE has remained the dominant informational 

market, its dominance has declined -- by 1995 regional exchanges contributed nearly 

40% of the price discovery, while representing only 16% of trading volume.  

 

These early studies of price discovery on multiple markets started with domestic firms 

in the US. More recent work has also focused on firms with listings in different 

countries. In general, this literature indicates that price discovery predominantly 

occurs in the home market, with the prices in the foreign market adjusting to the home 

market. Lieberman et al. (1999), for instance, study a sample of six Israeli firms cross-

listed on the NYSE and find that price discovery mostly occurs in Israel for all but 

one firm, with the NYSE contributing only a small amount. Su and Chong (2007) 

examine eight Chinese firms listed on both the Hong Kong Stock Exchange (SEHK) 

and the NYSE and find that the average information share was 89.4% for the SEHK. 

These studies reveal a limited but not negligible role for the NYSE. 

 

One notable feature in the price discovery literature is that the studies have 

predominantly focused on stocks that are cross-listed in the US. Only a few studies 

have considered situations where the foreign market is another exchange. One 

example is Ding et al. (1999), who consider the case of a Malaysian conglomerate 
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cross-listed on the Singapore Stock Exchange. They find that nearly 70% of the price 

discovery occurs in the home market. Kadapakkam et al. (2003) study price discovery 

for Indian companies with cross-listings in the UK and find that both markets 

contribute equally to price discovery. Finally, and related to this study, is Lok and 

Kalev (2006), who consider New Zealand and Australian cross-listings. Using an 

error-correction model they find that prices in the foreign market error-correct mostly 

towards prices in the home market, while there is only a limited error-correction of 

home market prices to foreign prices. However, they do not compute explicit 

measures for price discovery. Beyond this, to the best of our knowledge, little 

research has considered situations outside the US. 

 

While most studies find that the home market remains dominant in terms of price 

discovery, there is some variation in the relative informational roles of the home and 

the foreign markets in the literature. For instance, while the previously discussed 

studies conclude that the foreign market has an informational role, Pascual et al. 

(2006) find that the influence of the NYSE on a sample of five Spanish stocks is 

insignificant. This supports Grammig et al. (2005), who arrive at a similar conclusion 

when studying a sample of three German stocks cross-listed on the NYSE. On the 

other side of the spectrum are studies that do find important roles for the foreign 

market. Hupperets and Menkveld (2002), for example, find that Dutch stocks cross-

listed on the NYSE have wide variations in price discovery with some stocks 

predominantly driven by the Amsterdam stock exchange, some by the NYSE and 

some by both. Likewise, Kadapakkam et al. (2003) observe that for Indian companies 

cross-listed on the London Stock Exchange, on average each market contributes 

nearly equally to price discovery.  

 

A further observation is that the level of price discovery is closely linked to the 

liquidity of a market. Eun and Sabherwal (2003), for instance, aim to explain the 

variation they find in their examination of the price discovery of Toronto Stock 

Exchange stocks cross-listed on US exchanges. They observe variation in the 

percentage of price discovery occurring on US exchanges ranging from 0.02 to 98.2 

with an average of 38%. Using regression analysis, they observe a positive 

relationship between price discovery and the ratio of the proportions of information 

trades occurring in the US. This is consistent with the observations of Lieberman et al. 
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(1999) and Hasbrouck (1995). They also observed a negative relationship between 

price discovery and the ratio of bid-ask spreads, i.e., high spreads relate to a low 

degree of price discovery.   

 

Turning to the role of exchange rates, most studies treat exchange rates as exogenous, 

converting all prices into a common currency before testing for price discovery. For 

instance, Lieberman et al. (1999) convert all prices into US dollars while Eun and 

Sabherwal (2003) convert all prices into Canadian dollars. However, as Grammig et 

al. (2005) point out, there is little prior evidence to suggest how stock prices in 

multiple markets adjust to exchange rate changes. They therefore examine the impact 

of exchange rate changes on price discovery for a selection of German companies 

traded on both XETRA and the NYSE using a modified measure of Hasbrouck’s 

(1995) information share, which incorporates the exchange rate. Consistent with 

previous studies they observe that most of the price discovery occurs in the home 

market. They also find that prices in the foreign market fully adjust to incorporate the 

exchange rate changes with no adjustment in the XETRA prices. Finally, they 

conclude that models that exclude the exchange rate bias the information share of the 

market whose price is converted. 

 

3. Methodology 

 

In this section we discuss the price discovery measures used in our paper. The first 

measure is the information share (IS) of Hasbrouck (1995). This measure considers 

the contribution of each market to the total variance of the price process. We further 

discuss the extension to this measure proposed by Grammig et al. (2005), which 

endogenizes the exchange rate. Since we study price discovery for stocks cross-listed 

in one other market, we explain both approaches in terms of one home market and one 

foreign market.  

 

3.1 The Hasbrouck (1995) Information Share 

The information share relies on the assumption that when a security is listed on 

another market, the prices in both markets share one common trend, i.e., prices are 

cointegrated. Let pt
h
 be the log price of an asset in the home market in local currency. 
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Likewise, define pt
f
 as the log price of the asset in the foreign market expressed in the 

same currency as pt
h
. Arbitrage implies that prices can never diverge without bound 

and defines the cointegrating vector as β′ = (1,  -1). Stated differently, β′pt = (pt
h
- pt

f 
) 

is a stationary process, where pt = (pt
h
,
    
pt

f 
)′. 

 

Cointegrated prices implies that the dynamics of price changes in both markets can be 

described by an error correction model, 

 

t

N

i

ititt ppcp εγαβ +∆++=∆ ∑
=

−−

1

1' ,     (1) 

 

where c is a (2 × 1) vector of constants, α is a (2 × 1) vector that measures the speed 

of adjustment to the error correction term and γi are (2 × 2) matrices of AR 

coefficients. A key determinant for the study of price discovery is α, the speed of 

adjustment. When a market dominates in terms of price discovery its value in the α-

vector will be small (in absolute terms), indicating that this market does not correct in 

response to any differences in prices between markets. Conversely, when a market is a 

satellite market its element in α will be large relative to the dominant market, 

indicating strong adjustment to errors in prices. 

 

To define the Hasbrouck (1995) information share we rewrite (1) in its Wold 

representation, i.e., 

 

tt Lp ε)(Ψ=∆ ,     (2) 

 

where Ψ(L) is a matrix polynomial in the lag operator. Following Beveridge and 

Nelson (1981) we can decompose Ψ(L) into two components and write (2) as 

 

ttt LLp εε )()1()1( *Ψ−+Ψ=∆ ,    (3) 
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where Ψ(1) is the sum of all moving average coefficients (Ψ(1) = I + Ψ1 + Ψ2 + …) 

and Ψ*
(L) is a second matrix polynomial. Stationarity implies that Ψ(1) is finite. 

Integrating (3) defines the log price process, i.e., 

 

t

t

s

st Lp εε )()1( *

1

Ψ+Ψ= ∑
=

.            (4) 

 

Since Ψ(1) is finite, it measures the long-run impact of a shock to the level of prices. 

The value of its elements can be found by computing the impulse response functions 

for the integrated model of (1).  

 

The information share as defined by Hasbrouck (1995) follows from the variance 

decomposition of (3). Since β′pt is a stationary process, β′ Ψ(1) = 0, which, given the 

definition of β, implies that the rows in Ψ(1) are identical. Defining one row of Ψ(1) 

as ψ, the information share for market j, that is, the proportion of variance of the price 

process attributable to market j, is defined as 

 

'ψψ

ψ

Ω
=

jjj

j

C
IS ,            (5) 

 

where Ω = Var(εt) and C is the lower triangular Choleski factorization of Ω (i.e., Ω = 

CC′). The Choleski factorization needs to be applied because Ω is typically not a 

diagonal matrix. When taking only the elements on the diagonal of Ω in the 

computation of IS, we ignore the fact that part of the variance in market j may be 

caused by the variance in the other market, i.e., there may be a contemporaneous 

common component or spillover in the variance of market j. In applying a Choleski 

decomposition to Ω we orthogonalize the innovation terms εt by assigning all the 

common variance to , for example, market j. However, since we do not know which 

market is the source of this common variance, we cannot assign all the common 

variance to one market. Therefore, we need to permute over all possible orderings of 
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εt, with the consequence that we can only obtain a range of information shares and not 

a unique value for each market.
1
 

 

3.2 Endogenizing the Exchange Rate 

Grammig et al. (2005) note that the effect of exchange rate changes on asset prices 

has not been assessed in the price discovery literature for cross-listed stocks. They 

extend Hasbrouck’s (1995) model by including the exchange rate. Below we briefly 

discuss this extension. 

 

Similar to above, we consider an asset listed in both a home market and a foreign 

market. Let pt
h
 be the log price of the asset in the home market in local currency, pt

f*
 

be the log price of the asset in the foreign market in foreign currency and et be the log 

exchange rate between the home and foreign markets. Prices are again cointegrated 

because (pt
h 
- pt

f*
 + et) is a covariance-stationary process. Hence, the process for price 

changes can again be described by an error correction model and Ψ(1) can be 

estimated as before. However, the fact that there is one cointegrating relationship 

between three price series implies two different underlying random walk processes 

(one for the prices of the assets and one for the exchange rate). This means that the 

rows of Ψ(1) are not identical. Stated differently, we cannot compute a single 

information share for each price series as before. Grammig et al. (2005) therefore 

suggest computing information shares per market. For instance, we can compute the 

information share of the exchange rate and the home and foreign markets conditional 

on being in the home market. We therefore obtain information shares for each market, 

which we refer to as conditional information shares (CIS). The conditional 

information share of market k with respect to market j is computed as 

 

jj

jk

jk

C
CIS

))'1()1((

)])1(([ 2

ΩΨΨ

Ψ
= .    (6) 

 

This measure again depends on the specific ordering of εt and hence we need to 

permute over all possible orderings to establish upper and lower bounds. 

                                                 
1
Hasbrouck (1995) reports both upper and lower bounds obtained in the Choleski decomposition. 

Alternatively, Booth et al. (2002) suggest using the midpoint of the information share as a single 

measure of price discovery. 
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4. Data 

 

Our study considers Australian and New Zealand domiciled companies that cross-list 

shares in each others’ markets. Since accurate estimation of information shares can 

only be achieved when data are sampled at very high frequencies, we need to restrict 

our sample to the most liquid companies trading on the ASX and the NZX. The 

selected sample therefore consists of four Australian firms (Australian Mutual 

Provident Society (AMP), Australia and New Zealand Banking Group (ANZ), Lion 

Nathan (LNN), Telstra (TLS)) and five New Zealand domiciled firms (Auckland 

International Airport (AIA), Telecom (TEL), the Warehouse (WHS), Tower (TWR), 

Fletcher Building (FBU)) that are traded on both the ASX and NZX. These stocks are 

selected because they offer sufficient liquidity in both markets. 

 

Intraday data for these firms as well as intraday NZD/AUD exchange rate data are 

obtained from SIRCA.
2
 We obtain both trade and quote data. The trade data include 

the time of trade, trade price and traded volume. The quote data contain the time a 

new quote is issued, the bid and ask quotes and the volumes quoted on each side of 

the market. The exchange rate data only contain information on quotes, specifically, 

the time the quote is issued, the bid and ask prices and associated volumes. We collect 

these data for a long time period to investigate the evolution of the information share 

over time. Specifically, we examine a four-year period running from 1 January 2002 

to 31 December 2005, excluding those days on which there was no trading on either 

market.  

 

Given the small difference in time zones (normally two hours between New Zealand 

and New South Wales, where the ASX is based) there is a long period of overlap. The 

ASX operates normal trading each day from 10 am AEST until 4 pm while the NZX 

operates normal trading from 10 am NZ time until 5 pm. The overlapping period 

therefore runs from the start of normal trading on the ASX until the end of trading on 

the NZX. For most of the year this results in 5 hours of overlapping operation 

between the two markets. However, due to differences in the start and end dates of 

                                                 
2
Securities Industry Research Centre of Asia-Pacific.  
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daylight savings this overlap can range from 4 hours to 6 hours. The exchange rate 

also has to be adjusted for differences in time zones as it is based on GMT. Since the 

exchange rate market lists quotes 24 hours a day it imposes no restriction on the 

overlapping period. 

 

INSERT TABLE 1 HERE 

 

In Table 1 we present summary statistics for the selected stocks for the whole sample 

period. The summary statistics are computed considering the overlapping period only. 

We report trade statistics as well as quote statistics. For the Australian domiciled 

firms we find that the trading activity of these firms is much higher on the ASX, both 

in terms of trading frequency and trading volumes. The most liquid firm, TLS, trades 

on average 1,249 times a day on the ASX, opposed to only 10.6 times per day on the 

NZX. The same is observed in trading volumes. About 13,617,000 shares are traded 

daily on the ASX compared to 77,087 shares traded on the NZX. Further, the same 

observation can be made from the quote statistics. On average more quotes are issued 

on the ASX relative to the number of quotes issued on the NZX, which is reflected in 

the respective bid-ask spread being considerably wider on the NZX than on the ASX. 

All these statistics indicate that for the Australian domiciled firms, trading and 

quoting activity is predominantly on the ASX. 

 

For the New Zealand domiciled firms the findings are similar, though less pronounced 

than for the Australian domiciled firms. We find that for most firms trading activity 

and volume are higher on the NZX, although the trading activity for TEL and TWR is 

similar in both markets.  When turning to the quote statistics, the findings are again 

similar to those for Australian domiciled firms, except for the stocks of TEL and 

TWR. 

 

The results presented above indicate that most of the trading and quoting activity of 

the cross-listed shares is in the market of domicile. However, to formally analyze 

whether the home market is also the most important in terms of price discovery we 

need to assess the informational role of each market.  
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To study the issue of price discovery we follow Grammig et al. (2005) and consider 

quote midpoints instead of transaction prices. This is done for two reasons. First, 

using the quote midpoint mitigates the impact of microstructure noise. Since the 

stocks traded on the ASX and NZX are substantially less liquid than shares listed on 

the NYSE for instance, the bid-ask spread tends to be wide. The resulting large bid-

ask bounce could be an issue were transaction prices to be used. Second, from Table 1 

we observe that the difference in trading activity on both markets is more disperse 

than the difference in quoting activity. When using transaction prices our findings 

may be heavily affected by asynchronous prices. The difference in quoting prices is 

less dispersed, reducing the effect of asynchronous prices. In our analyses we 

therefore use the quote midpoint and aggregate data for each market and the exchange 

rate at a one-minute frequency. 

 

5. Results 

 

In this section the results for the models proposed in Section 3 are presented. We first 

report results for the model where all prices are converted into Australian dollars. We 

then consider prices in their own domestic currencies and incorporate the exchange 

rate in the price discovery model following Grammig et al. (2005). 

 

5.1 Hasbrouck (1995) Information Shares 

The first step in the analysis of price discovery is to check whether prices are 

cointegrated. We do this by performing Johansen’s (1988) cointegation test. In this 

test we determine the optimal lag length using the Schwarz Information Criterion 

(SIC) and estimate the unrestricted and restricted VARs excluding the first n 

observations of each day, where n is the number of lags determined by the SIC. These 

observations are excluded to ensure that the coefficients on the AR components do not 

reflect overnight changes in prices. The Johansen tests strongly reject (at the 1% 

level) the hypothesis of no cointegrating relationship. The tests further show that we 

cannot reject the hypothesis of at least one cointegrating relationship. Cointegrating 

vectors are found to be close to the theoretically expected relationship of β = (1, -1).3 

 

                                                 
3
 Results for the cointegration tests are not reported, but are available upon request. 
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Next, we estimate the error correction model for all stocks in the sample for the full 

sample period using the theoretical cointegrating vector β = (1, -1). Given the 

parameter estimates of the Vector Error Correction Model (VECM), we compute Ψ(1) 

using impulse response functions. To ensure convergence of the long-run impact of a 

unit shock, we compute impulse responses for 5,000 steps ahead. Using the elements 

of Ψ(1) we can compute the information shares for the various stocks. 

 

INSERT TABLE 2 HERE 

 

In Table 2 we report the upper and lower bounds, and the midpoints of the 

information shares for the stocks in our sample. In line with findings of previous 

studies (e.g., Su and Chong, 2007 and Lieberman et al., 1999) we observe that price 

discovery mainly takes place in the home market for each stock. For Australian 

domiciled firms most of the price discovery takes place on the ASX (the average 

midpoint of Australian domiciled stocks is 89.09%). However, the informational role 

of the NZX is not negligible. This finding is in line with the results reported in Table 

1, which show that most of the trading and quoting activity takes place on the ASX 

and spreads are smallest in the ASX for Australian domiciled stocks. This confirms 

the relationship between information shares and measures of liquidity as suggested by 

Eun and Sabherwal (2003).  

 

For New Zealand domiciled companies similar results are obtained. The midpoint of 

information shares for the home market ranges between 66.44% and 95.33%. The 

lowest information shares are found for TEL and TWR, which, as observed from 

Table 1, have similar degrees of liquidity on the ASX and the NZX. We also observe 

that for all stocks the range between the upper and lower bounds is relatively narrow, 

indicating that contemporaneous correlation does not pose a serious problem at the 

one-minute sampling frequency. Also, upper and lower bounds for ASX and NZX do 

not overlap, implying a clear dominance of the home market. 

 

As a second investigation we consider how the information shares have changed over 

time. Here, we compute the midpoint of the information share each year by estimating 

the VECM annually. The results of this analysis are reported in Table 3. 
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INSERT TABLE 3 HERE 

 

Table 3 reveals an interesting finding. When considering the Australian domiciled 

firms, we find that over time the information shares in New Zealand have been 

decreasing (except in the case of ANZ). This indicates a diminishing importance of 

the NZX for Australian domiciled companies. On the other hand, when the New 

Zealand based companies are examined, we find that the information shares for the 

ASX have been increasing, indicating that the Australian market has become more 

important for New Zealand cross-listed firms. This trend is better observed in Figure 1 

where we plot the average midpoint of the information shares for Australian 

domiciled stocks (Panel A) and New Zealand domiciled stocks (Panel B). Given that 

this trend is present for stocks from both markets, it appears the ASX has grown in 

importance relative to the NZX over the sample period considered.  

 

INSERT FIGURE 1 HERE 

 

To summarize, the results for information shares are mostly in line with previous 

literature, which suggests a dominant role for a stock’s home market. Further, the 

importance of the ASX in terms of price discovery appears to have been increasing 

over time.  

 

5.2 Endogenizing the Exchange Rate: Impulse Response Functions  

As a second analysis we endogenize the exchange rate in the VECM and compute 

conditional information shares per market as suggested by Grammig et al. (2005). We 

again start by evaluating whether cointegrating relationships are present among the 

price series. The Johansen tests again reject the null hypothesis of no cointegrating 

relationship and in most cases find evidence for one cointegrating relationship among 

the three variables.
4
 Estimated cointegrating vectors are very close to the theoretically 

hypothesized cointegrating vectors and this theoretical relationship is used as the 

cointegrating vector in the VECM. 

 

                                                 
4
Results are again available on request. 
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After estimating the VECM we compute impulse response functions to determine the 

long-run impact matrix, Ψ(1) (elements in Ψ(1) are estimated by computing impulse 

responses 5,000 steps ahead). In Figure 2 we show the results for the impulse 

response functions for up to 2,000 steps ahead. We first discuss plots for Australian 

domiciled firms and subsequently discuss results for New Zealand firms.  

 

INSERT FIGURE 2 HERE 

 

The first column of Panel A shows plots of the impulse response functions where a 

unit shock is applied to the exchange rate. For Australian based companies we find 

that exchange rate shocks are moderately persistent, leveling out at about half of the 

initial shock. We also discover that most of the exchange rate shock is incorporated 

into the New Zealand prices. However, for most stocks (most pronounced, for AMP) 

there is also an adjustment in Australian prices. This contrasts with Grammig et al. 

(2005), who find that the adjustment to exchange rate shocks is only observed in the 

foreign market.  

 

When shocks to the Australian prices (second column) are considered, several 

interesting results emerge. First, these shocks are highly persistent and lead to strong 

adjustments in the New Zealand prices. This is in line with previously reported results 

that the ASX is the dominant market for these securities. Second, although smaller 

than the impact of Australian price shocks on New Zealand prices, shocks to 

Australian prices also lead to an adjustment in the exchange rate. This result also 

contrasts with Grammig et al. (2005), who find that the exchange rate is exogenous to 

stock price shocks.  

 

The last column shows the impulse response functions for shocks applied to the New 

Zealand prices. The impact of these shocks is much less persistent than that of shocks 

to ASX prices. Again, we observe that shocks to New Zealand prices have an impact 

on the exchange rate, although the impact is smaller than for the shocks to Australian 

prices.  
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In Panel B of Figure 2 we present the impulse response functions for New Zealand 

domiciled firms. When considering shocks to the exchange rate almost all of the 

correction for the exchange rate shock occurs in the Australian market. Combined 

with the findings for the Australian domiciled companies this shows that the 

correction for the exchange rate shocks mainly occurs in the foreign market.  

 

When applying shocks to Australian prices (column 2), we observe that these shocks 

have almost no impact on the levels of prices in New Zealand. However, as we 

observed before, the exchange rate adjusts to some extent to shocks in Australian 

prices.  

 

When shocks are applied to New Zealand prices (last column), these shocks are 

persistent and result in a strong adjustment in the Australian prices towards the New 

Zealand prices. Again, these shocks have an impact on the exchange rate, but to a 

lesser extent than shocks in Australian prices.  

 

The fact that shocks to both markets have an impact on the exchange rate poses an 

interesting puzzle. As Grammig et al. (2005) note, the exchange rate is expected to be 

exogenous with respect to home and foreign stock markets as the exchange rate 

dynamics are determined by other factors. We propose some possible explanations for 

this finding below. 

 

5.3 Conditional Information Shares 

The next step in our analysis is to compute the conditional information shares per 

market. In Table 4 we report the midpoints of the conditional information shares. 

Each column represents the market on which quotes react to shocks, and each row 

refers to the price to which the shock has been applied. We therefore observe that 

information shares per market (per column) add up to one. For example, the 20.68% 

given for AMP in the first column implies that NZX price changes contribute 20.68% 

of the price discovery in the ASX. In the second column we observe that the 

information share for NZX is 36.06%, which implies that conditional on being in the 

NZX, the informational role of NZX price shocks is 36.06%. In this case we find that 

NZX price shocks have a greater impact in the home market than in the foreign 

market. 
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INSERT TABLE 4 HERE 

 

Panel A presents the results for the remainder of the Australian domiciled firms. We 

see that in most cases the ASX information share is higher in its home market than in 

the NZX. Furthermore, we observe that in all cases the ASX prices play an important 

role in the determination of the exchange rate. This implies that the exchange rate is 

not exogenous with respect to stock prices on the ASX, which is puzzling and 

contradicts the findings of Grammig et al. (2005). The second row of this panel shows 

the information shares for the NZX. Similar to the ASX prices, we find that 

information shares are higher in the home markets. We also observe that NZX prices 

have an impact on the exchange rate. Comparing the information shares of the ASX to 

the NZX we find that the ASX dominates in terms of price discovery in both the ASX 

and the NZX. Hence, although the results change quantitatively compared to 

traditional information shares, qualitatively the original results remain valid. The last 

row for each stock shows the information shares of the exchange rate. The results 

show that the impact of exchange rate changes on ASX prices is minimal. However, 

in the NZX market a price adjustment to exchange rate changes is detected. This 

finding is in line with Grammig et al. (2005), who also find that the foreign market 

incorporates exchange rate changes. The last observation of each row shows the 

information share of the exchange rate in the FX market. In comparison to Grammig 

et al. (2005), this observation is relatively low.  

 

In Panel B we report the results for the New Zealand domiciled firms. The first row 

shows the information share of the ASX prices for each stock. As expected, 

information shares for the ASX are again larger in the home market. However, in 

comparison to the Australian domiciled stocks, information shares are substantially 

higher in the home market. Moreover, in most cases the ASX prices play a negligible 

role in price discovery on the NZX. As before we observe that ASX prices affect the 

exchange rate, but in comparison to the Australian domiciled stocks the information 

shares in the exchange rate are substantially larger. The second row reports the 

information shares of the NZX prices. There is an obvious dominance of the NZX 

prices in the home market and although NZX prices remain dominant in the ASX, 

they drop considerably. In contrast to the results for the Australian domiciled stocks, 
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the information share of the NZX in the exchange rate is small. The last row reports 

the information share of the exchange rate in the various markets. Compared to the 

results for the Australian domiciled stocks, we now observe that for the New Zealand 

domiciled stocks, most of the adjustment in the exchange rate occurs in the ASX and 

there is almost no response of NZX prices to a change in the exchange rate. Finally, 

we detect that the informational role of the exchange rate in the FX market is minimal 

(as was observed for the Australian domiciled stocks).   

 

5.4 Conditional Information Shares over Time 

Next we consider how the conditional information shares change over time. In Table 

5 we report the average conditional information shares per year for each domicile 

(i.e., we compute the average midpoint of the information shares for Australian and 

New Zealand domiciled stocks in their respective home market). 

 

INSERT TABLE 5 HERE 

 

In Panel A, we present the average midpoints of the information shares for the 

Australian domiciled stocks. First, we consider the importance of ASX prices in the 

various markets (first block in Panel A). The findings confirm the results from the 

previous table showing that the information share for ASX prices is higher in the 

domestic market then in the foreign market. The panel  also confirms the role of the 

ASX prices in the determination of the exchange rate. Over time, we observe no clear 

trend in the information share for ASX prices in the ASX market. For the information 

share of ASX prices in the NZX, however, we observe an increasing trend in the 

importance of ASX prices. Also, when considering the role of the ASX prices in the 

exchange rate, we find that the importance of the ASX prices is decreasing. The 

second block in Panel A shows the information shares for NZX prices. Similar to the 

information shares in the ASX there is no clear trend in the information shares of 

NZX prices in the ASX. This also holds for the information shares in the NZX 

market. However, when considering the exchange rate we observe a positive trend for 

NZX prices in the determination of the exchange rate. This finding contrasts with the 

role of the ASX prices in the exchange rate. Lastly, we consider the information 

shares of the exchange rate in the various markets. The first row confirms the findings 

in Table 4 where we find a limited role for the exchange rate in the ASX market for 
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Australian domiciled stocks: no clear trend is observed in this case. The role of the 

exchange rate in the NZX market seems to be decreasing over time, however. This 

also holds for the information share of the exchange rate in the FX market.  

 

The findings in Panel A can be summarized as follows. Overall, we observe an 

increasing importance of NZX prices in the determination of the exchange rate. This 

is at the expense of the informational role of ASX prices and the exchange rate. 

Moreover, we find that the informational role of the ASX prices has increased in the 

NZX, but not in the ASX. 

 

In Panel B we report the findings for the New Zealand domiciled firms. The first set 

of results in Panel B reports the information shares for ASX prices. Over time we 

observe no clear trend in these information shares in the ASX. However, when 

considering the informational role of ASX prices in the NZX, we observe a positive 

trend, i.e., the importance of ASX prices in the NZX market is increasing. At the same 

time we observe a downward trend in the role of ASX prices in the FX market. The 

second set of results, which presents the findings for the NZX prices, shows a positive 

trend for the information shares in the ASX, although this is not a very strong trend. 

The trend in the information shares in the NZX market is more clear -- it is decreasing 

over time. Finally, we observe that the importance of the NZX prices in the FX 

market is increasing. The last set of results in this panel reports the information shares 

of the FX prices. Overall, we can conclude that there is an informational role for the 

exchange rate in the ASX market, but its importance is decreasing. The impact of 

exchange rate changes on prices in the NZX remains negligible. Finally, the 

informational role of the exchange rate in the FX market is low and remains relatively 

stable. 

 

Overall, the findings of Panel B reveal similar results to those observed in Panel A. 

First, we find that the importance of NZX prices in the determination of the exchange 

rate increases, at the expense of the importance of ASX prices. Second, we observe 

that the importance of ASX prices is increasing in the NZX. We now also find that 

NZX prices are gaining importance in the ASX, while losing importance in the NZX. 
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Together these results highlight the importance of the exchange rate in assessing price 

discovery across these markets. Whereas the results in Table 3 and Figure 1 suggest 

an increasing importance of the ASX for price discovery in both markets, we find that 

when we incorporate the exchange rate, the increase in ASX information shares 

diminishes. Interestingly, over time the information share of the Australian prices in 

the exchange rate decreases, while the importance of the New Zealand prices 

increases. This could explain the observed increase in ASX information shares in 

Table 3.  

 

5.5 Potential Explanations for the Endogeneity of the Exchange Rate 

The finding that the exchange rate is not exogenous with respect to the stock prices in 

both markets is challenging and contradicts the findings of Grammig et al. (2005). 

However, there are some possible explanations for this finding. 

 

The first possible explanation is based on the work of Chen and Rogoff (2003), who 

note that the AUD/NZD cross-rate is a so-called “commodity currency” as its rate is 

strongly influenced by the relative changes in commodity prices in both markets. If 

these commodity prices are correlated with the stock market in general, then the 

observed endogeneity of the exchange rate may be a consequence of this effect. This 

hypothesis might also explain the changing importance of the two markets in the 

determination of the cross-rate as the developments of the relative commodity markets 

may change.  

 

A second potential explanation may be that stock prices themselves directly affect the 

exchange rate. One reason this may be the case is that fund managers can redeem their 

shares in either of the two currencies. If there is a preference to redeem shares in New 

Zealand dollars (e.g., because of higher interest rates or other investment 

opportunities), then their trading in the share market may have a direct impact on the 

exchange rate. The change in preferable investment opportunities could then explain 

the changing role of the stock prices in the determination of the exchange rate. 

 

A third possible explanation, which may be linked to the second potential explanation, 

is that the market for the AUD/NZD cross-rate is not very liquid. This could explain 

why trading in the stock market may affect the exchange rate, but it also implies that 
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the updating of quotes in the FX market is much slower. In that case, because of the 

slackness of quote updating we may find that stock prices affect the exchange rate. 

However, this last explanation cannot explain why there is a change in the importance 

of the prices determining the exchange rate.   

 

6. Conclusion 

 

In this paper we examine price discovery for cross-listed stocks on both the ASX and 

the NZX. By doing so, we contribute to the existing literature in several ways. First, 

we study price discovery for bilaterally cross-listed stocks in these markets, i.e., we 

consider Australian stocks cross-listed in New Zealand, and New Zealand stocks 

cross-listed in Australia. Second, we study price discovery in markets with a much 

larger overlap in trading hours than is typically considered. Third, we investigate price 

discovery dynamics over time. And fourth, we include the exchange rate in the price 

discovery model as suggested by Grammig et al. (2005).  

 

We find several interesting results. First, when computing information shares for the 

full sample period, in either a single currency or by following Grammig et al.’s (2005) 

approach, we find a clear dominance in terms of price discovery for the home market. 

We conclude that while the ASX is the much larger market compared to the NZX, 

price discovery is not affected by this size difference. Second, when considering 

Hasbrouck (1995) information shares over time we find that the ASX has become 

more important for both Australian and New Zealand domiciled firms. However, 

when the exchange rate is incorporated into the model our findings change. The 

increased importance of the ASX over the NZX diminishes considerably and only 

manifests itself in the NZX. A likely explanation for this is the role of the exchange 

rate, which is not exogenous to the prices in the two markets. As the relative 

importance of the ASX to the NZX decreases, this may explain the observed 

difference between Hasbrouck’s (1995) information shares and Grammig et al.’s 

(2005) conditional information shares. These findings have important implications for 

the study of price discovery of cross-listings in markets for which the exchange rate is 

not a fully exogenous process, suggesting that the exchange rate should be 

incorporated into the model. 
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Table 1: Summary Statistics 

 

 Average Price 

Average 

Daily Trades 

Average  

Daily Volume 

Average  

Bid-ask Spread Average Daily Quotes 

Australian domiciled firms    

AMP      

 ASX 8.66 1054 5,188,300 0.0017 362 

 NZX 10.98 17.0 36,102 0.1002 21.7 

ANZ      

 ASX 18.06 918 2,717,500 0.0116 510 

 NZX 22.67 4.83 9,437 0.2857 9.62 

LNN      

 ASX 5.74 93.2 495,830 0.0237 75.6 

 NZX 6.28 6.71 73,455 0.0756 9.86 

TLS      

 ASX 4.76 1249 13,617,000 0.0133 100 

 NZX 5.81 10.6 77,087 0.0368 12.9 

       

New Zealand domiciled firms    

AIA      

 ASX 4.97 3.04 51,359 0.1317 5.96 

 NZX 5.69 41.0 257,410 0.0198 26.3 

FBU      

 ASX 3.96 6.19 77,814 0.0666 9.75 

 NZX 3.82 42.43 627,410 0.0157 24.8 

TEL      

 ASX 4.57 93.8 1,108,500 0.0100 65.1 

 NZX 5.16 115 3,264,000 0.0133 60.5 

TWR      

 ASX 1.64 38.3 316,350 0.0177 15.3 

 NZX 2.72 34.9 381,400 0.0156 18.4 

WHS      

 ASX 4.75 4.12 11,530 0.1249 5.66 

 NZX 5.50 40.2 227,860 0.0230 26.4 

Note: This table reports summary statistics on the data in the sample. We report the average price level 

in each market in local currency; the average number of daily trades in each market; the average daily 

traded volume in each market; the average absolute spread in each market; and the average number of 

quotes issued daily.  
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Table 2: Information Shares for Australian and New Zealand Cross-listed Stocks 

 ASX  NZX 

 

Upper 

Bound  

Lower 

Bound Midpoint  

Upper 

Bound  

Lower 

Bound Midpoint 

Australian Stocks        

AMP 92.58%      87.88%       90.23%        12.12% 7.42% 9.77% 

ANZ 94.43%      91.46%      92.95%       8.54% 5.57% 7.06% 

LNN 83.59% 80.33%       81.96%        19.67% 16.41% 18.04% 

TLS 92.71% 89.64% 91.18%       10.36% 7.29% 8.82% 

        

New Zealand Stocks        

AIA 6.20%      5.60%     5.90%       94.40% 93.80% 94.10% 

FBU 5.37%      3.98%      4.67%  96.02% 94.63% 95.33%             

TEL 15.09%      9.61%       12.35%        90.39% 84.91% 87.65% 

TWR 36.80%      30.31%       33.56%  69.69% 63.20% 66.44% 

WHS 11.23%      1.34%       6.28%       98.66% 88.78% 93.72% 

Note: This table reports Hasbrouck (1995) information shares for the various stocks in the sample. We 

report the upper and lower bounds based on the Choleski factorization of the covariance matrix. We 

also report the midpoint of these bounds. 
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Table 3: Information Shares over Time 

 ASX  NZX 

 2002 2003 2004 2005  2002 2003 2004 2005 

Australian Stocks         

AMP 82.33%    90.96%      87.69%      88.70%  17.67% 9.04% 12.31% 11.30% 

ANZ 99.42% 98.63% 91.96% 80.59%       0.58% 1.37% 8.04% 19.41% 

LNN 69.57%      76.88%      82.06%      87.82%       30.43% 23.13% 17.94% 12.18% 

TLS 91.34% 72.97% 89.55% 97.64%  8.66% 27.03% 10.45% 2.36% 

          

New Zealand Stocks         

AIA 6.55%     9.91% 3.21% 8.89%    93.45% 90.09% 96.79% 91.11% 

FBU 0.87% 6.33%   8.95% 12.86%       99.14%     93.67% 91.05% 87.14% 

TEL 9.25% 13.27% 21.34%      15.11%       90.75% 86.73% 78.66% 84.89%   

TWR 17.53% 58.98% 34.98% 45.05%  82.48% 41.02% 65.02% 54.95% 

WHS 2.37% 11.04%   7.68% 3.57%  97.63% 88.96% 92.32% 96.43% 

Note: This table reports the midpoint of the Hasbrouck (1995) information share over time. 

2695



 28

Table 4: Midpoints of Conditional Information Shares per Market 

 
Panel A: Australian Domiciled 

  ASX  NZX  FX 

AMP ASX shock 79.04%  60.69%  38.23% 

 NZX shock 20.68%  36.06%  32.22% 

 FX shock 0.29%  3.26%  29.56% 

       

ANZ ASX shock 79.84%  53.91%  20.12% 

 NZX shock 19.58%  38.67%  38.33% 

 FX shock 0.57%  7.42%  41.56% 

       

LNN ASX shock 79.86%  80.57%  51.25% 

 NZX shock 20.14%  12.35%  27.97% 

 FX shock 0.00%  7.08%  20.78% 

       

TLS ASX shock 99.38%  86.28%  28.56% 

 NZX shock 0.16%  2.93%  28.38% 

 FX shock 0.47%  10.79%  43.05% 

 

Panel B: New Zealand Domiciled 

  ASX  NZX  FX 

AIA ASX shock 43.88%  1.47%  90.46% 

 NZX shock 53.76%  98.52%  3.16% 

 FX shock 2.36%  0.00%  6.37% 

       

FBU ASX shock 23.24%  0.19%  82.32% 

 NZX shock 72.62%  99.70%  4.78% 

 FX shock 4.15%  0.11%  12.90% 

       

TEL ASX shock 27.78%  4.79%  64.24% 

 NZX shock 66.12%  95.20%  5.87% 

 FX shock 6.10%  0.01%  29.90% 

       

TWR ASX shock 43.50%  20.16%  72.26% 

 NZX shock 55.34%  79.33%  9.74% 

 FX shock 1.16%  0.51%  18.01% 

       

WHS ASX shock 17.41%  3.49%  58.97% 

 NZX shock 80.05%  96.36%  29.87% 

 FX shock 2.55%  0.15%  11.15% 

 

Note: This table reports the midpoints of the conditional information shares. The top row indicates the 

market in which the information share is measured. The first column reports the market for which the 

information share is reported.  
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Table 5: Average Conditional Information Shares per Market per Year 

 

Panel A: Australian Domiciled Stocks 

 2002 2003 2004 2005 

ASX Information Shares in Market:  

ASX 78.81% 83.74% 91.78% 78.24% 

NZX 68.37% 62.92% 63.81% 74.19% 

FX 49.92% 41.92% 38.13% 28.03% 

     

NZX Information Shares in Market:  

ASX 21.05% 16.09% 7.97% 21.59% 

NZX 11.92% 12.88% 6.87% 12.48% 

FX 7.50% 20.70% 17.82% 45.32% 

     

FX  Information Shares in Market:  

ASX 0.14% 0.18% 1.36% 0.18% 

NZX 12.15% 9.64% 14.40% 6.20% 

FX 42.58% 37.39% 44.08% 26.66% 

 

Panel B: New Zealand Domiciled Stocks 

 2002 2003 2004 2005 

ASX Information Shares in Market:  

ASX 31.18% 27.78% 29.12% 30.38% 

NZX 4.50% 6.29% 8.21% 10.83% 

FX 80.67% 63.80% 62.97% 67.49% 

     

NZX Information Shares in Market:  

ASX 63.47% 67.70% 65.58% 66.81% 

NZX 95.37% 93.52% 91.41% 88.91% 

FX 1.23% 11.73% 6.35% 14.53% 

     

FX  Information Shares in Market:  

ASX 5.36% 4.65% 5.32% 2.82% 

NZX 0.14% 0.23% 0.39% 0.26% 

FX 18.10% 24.77% 30.74% 18.01% 

Note: This table reports the average conditional information share per market per year. The different 

blocks in each panel show the information shares of each price in the different markets. For example, 

the 68.37% in the top panel indicates that ASX prices have an average information share of 68.37% in 

the NZX. 
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Figure 1: Average Information Share per Year 

 

Panel A: Australian Domiciled Firms 
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Figure 2: Impulse Response Functions 

 

 

Panel A: Australian domiciled firms 

 

 

AMP 

-1

-0.8

-0.6

-0.4

-0.2

 0

 0.2

 0.4

 0.6

 0.8

 1

 0  500  1000  1500  2000

FX Shock

FX
ASX
NZX

-0.2

 0

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 1.4

 1.6

 0  500  1000  1500  2000

ASX Shock

FX
ASX
NZX

-0.8

-0.6

-0.4

-0.2

 0

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 0  500  1000  1500  2000

NZE Shock

FX
ASX
NZX

 
 

ANZ 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

−0.50

−0.25

0.00

0.25

0.50

0.75

1.00 FX Shock

FX 
ASX 
NZX 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

0.00

0.25

0.50

0.75

1.00

1.25

1.50 ASX Shock

FX 
ASX 
NZX 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

−0.25

0.00

0.25

0.50

0.75

1.00

NZE Shock

FX 
ASX 
NZX 

 
 

LNN 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

−0.25

0.00

0.25

0.50

0.75

1.00 FX Shock

FX 
ASX 
NZX 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0 ASX Shock

FX 
ASX 
NZX 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0 NZE Shock

FX 
ASX 
NZX 

 
 

TLS 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

−0.50

−0.25

0.00

0.25

0.50

0.75

1.00 FX Shock

FX 
ASX 
NZX 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

0.0

0.2

0.4

0.6

0.8

1.0

1.2 ASX Shock

FX 
ASX 
NZX 

0 200 400 600 800 1000 1200 1400 1600 1800 2000

0.0

0.2

0.4

0.6

0.8

1.0 NZE Shock

FX 
ASX 
NZX 

 
 

 

2699



 32

Panel B: New Zealand domiciled firms 
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Sustainability May Cost the Earth: Examining the strategic and 

financial consequences of banks’ sustainable corporate strategy 

 

ABSTRACT   Recently many companies have begun adopting a sustainable framework, 

particularly large firms with strong customer bases such as banks. Despite this interest, 

sustainability’s contribution to value remains elusive. Based on definitions in the 

literature, banks evidence a commitment to corporate sustainability when they sign the 

Equator Principles that require them to enforce best environmental and social practices 

in projects they finance. A sample of international banks (N=84) was developed 

comprising all listed signatories to the Principles and matched non-signatories; financial 

and operating data were compiled from Bankscope. Cross-sectional analysis shows that 

signatories have a different mix of risks and strategies; have significantly lower profit 

margin and price-to-book ratio than non-signatories; and did not add value for 

shareholders over the recent medium term. Favoring sustainability – at least by banks 

signing the Equator Principles - does not add value as suggested by many proponents; 

and it actually worsens financial performance against several criteria.  
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Sustainability May Cost the Earth: Examining the strategic and financial 

consequences of banks’ sustainable corporate strategy♣ 

 

INTRODUCTION 

The concept of sustainability is sweeping industry. As a simple example, six of the 

world’s eight largest banks by market capitalization have signed the Equator Principles 

which require incorporation of sustainable objectives in project financing (Hansen, 

2006). At the investor level, over ten percent of funds under management are invested in 

companies that exceed values-based hurdles, including sustainable business practices 

(Derwall, Guenster, Bauer and Koedijk, 2005).  

 

The motivations to take such initiatives are variously seen as coming from outside the 

firm, particularly to enhance reputation and meet heightened stakeholder expectations 

(Barnett, 2007); and from inside the firm as proxying for better risk management and 

strategic decision making (Chami, Cosimano and Fullenkamp, 2002). From the investor 

perspective, values-based investing is driven by support for firms’ social attitudes 

(Williams, 2007) or belief that favoring firm values over financial performance as 

investment selection criteria gives better superior term returns (Chami, Cosimano and 

Fullenkamp, 2002). Aguilera, Rupp, Williams and Ganapathi (2007) provide a model that 

                                                 
♣ This article has benefited from discussions with many colleagues especially Paul Kofman and Dayna 
Simpson; comments from participants at research seminars at the University of Melbourne and VU 
University in Amsterdam; and research assistance from Jenny Mousseau. I also acknowledge the 
hospitality of VU University’s Department of Public Administration & Organization Science during 
2008.The usual caveat applies. 
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links a variety of internal and external forces to explain motives for firms to develop 

sustainability-type policies. 

 

The concept of sustainability became popularized after the 1987 Brundtland Report 

described it as “development … that meets the needs of the present without 

compromising the ability of future generations to meet their own needs” (The World 

Commission on Environment and Development, 1987: 43). This resonated immediately 

with longstanding concepts in the finance and management literature, particularly 

socially responsible investment (SRI) that avoided firms with significant income from 

armaments, alcohol, tobacco or gaming (Statman, 2000). Similarly it complemented 

growing willingness by firms to promote ethical behaviors, which seems best 

encapsulated in the moral heuristic (Sunstein, 2005) “do unto [counterparties] as you 

would have them do unto you”. This broadening of capitalism is being promoted by a 

variety of texts with names such as The Sustainability Revolution (Edwards, 2005) and 

Green to Gold (Esty and Winston, 2006), and is extending to greening of financial 

markets (Joly, 2002). 

 

To date, however, there is no consistent answer to the fundamental question: what is the 

impact – particularly on value -  from incorporating sustainable objectives into corporate 

strategy? The research objective of this article is to answer this important question. A 

literature survey develops a definition of `sustainability’ in corporate strategy which is 

consistent with the Equator Principles that require signatory banks to ensure that 

projects they finance meet best practices in environmental and social objectives. This 
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enables a test of consequences of applying sustainable objectives using a sample of 

listed international banks (N=84), half of which have signed the Principles. The approach 

here of using a clear, commercially relevant test of sustainability is more robust than that 

of previous studies which employed normative proxies such as industry codes as their 

measure of sustainability. Moreover confining the sample to international banks removes 

biases from industry differences, and takes advantage of their detailed, standardized 

reporting that offers strategic insights not available in other sectors. The conclusion is 

that adopting sustainable objectives brings intuitively obvious changes to corporate 

strategy, but reduces profitability and firm value, although without significant impact on 

shareholder returns.  

 

DEVELOPING A DEFINITION OF `CORPORATE SUSTAINABILITY’ 

Decisions Using Values-Based Criteria 

Sustainability complements other values-based decision criteria such as corporate social 

responsibility (CSR), ethics, and socially responsible investing (SRI) that fit within a 

broad environmental, social and governance (ESG) framework of modern firms. This 

field of study forms part of a rich and rapidly growing body of research which extends 

along six trajectories.  

 

The first trajectory of research into values-based decision criteria is to establish a 

working definition. Carroll (2004) traced development of definitions of CSR and other 

values-based goals and revealed many as long-winded recitations of platitudes, with 

little actionable advice: see Sharfman (1996) for some insights into this. A typical 
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example is the definition of corporate social performance used by Orlitzky, Schmidt and 

Rynes (2003) which is “a business organization’s configuration of principles of social 

responsibility, processes of social responsiveness, and policies, programs, and 

observable outcomes as they relate to the firm’s societal relationships”. This does not 

easily translate to a benchmark that objectively measures all companies. Although 

vague and inconsistent definitions are confusing, a survey by van Marrewijk (2003) 

argued that various concepts of corporate responsibility are subsets of corporate 

sustainability, and so a multiplicity of definitions is inevitable. 

 

A second line of research into values-based decision criteria examines their rationale. 

This may be normative and rely on altruism, or go further and argue that business has 

self-interest in preserving the social structure that provides its profits. The most obvious 

selfish rationale for firms adopting responsible social practices is that they receive a 

benefit through improved reputation and higher perceived quality that attract customers 

and employees (Baron, 2001). Also the growing interest in stakeholder issues by 

shareholders and outside directors is encouraging firms to maintain and signal strong 

performance against sustainability and ESG measures (Brammer and Pavelin, 2006).  

 

Another self-interest motive follows recognition that conventional scientific decision 

techniques are as likely to be wrong as they are to prove right (Nutt, 1999), which fosters 

the intuition that relying for decision cues on values, rather than financial performance, 

can foster managerial foresight which in turn leads to improved decision making. This is 

in keeping with an as yet ill-defined school of managerial thought that many non-
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financial performance criteria – not just values, but also knowledge, risk management 

and the like – improve firm financial performance either by promoting better strategic 

decisions or improving transaction efficiency (Chami, Cosimano and Fullenkamp, 2002, 

Coleman and Casselman (2004).   

 

Whatever the motive of values-driven decision making by firms, criticism of its potential 

cost (e.g. Friedman, 1970) has encouraged a third stream of analysis which is to test 

associated financial benefits, or what is often termed the business case for ethics, CSR 

or sustainability (Salzmann, Ionescu-Somers and Steger, 2005).  

 

Bansal (2005) found that return on equity was negatively correlated with an index of 

sustainable development. Margolis and Walsh (2003) conducted a meta analysis of 109 

studies published between 1972 and 2002 that examined the impact on companies’ 

financial performance of their corporate social performance, which was variously 

measured using Domini Index and Fortune reputation rankings, environmental and 

social disclosures, lawsuits and awards. Half the studies pointed to a positive 

relationship, whilst the other half found a negative, mixed or no relationship. Orlitzky, 

Schmidt and Rynes (2003) conducted a meta analysis of 52 studies and also tentatively 

concluded that social performance improves corporates’ financial performance.  

 

These results, however, are far from convincing and support criticism that studies’ 

analytical and definitional shortcomings virtually ensure inconclusive results. As noted 

dryly by Barnett (2007: 794), despite thirty years of research “we cannot clearly conclude 
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whether a one-dollar investment in social initiatives returns more or less than one dollar 

in benefit to the shareholder”.  

 

The lack of clear financial justification for use of values in decision making suggests they 

have a non-financial motivation, and this gains support from studies that examined why 

values differ between firms. More socially responsible firms tend to be smaller in terms 

of scale and income; and these smaller firms also promote environmental protection and 

product quality (Hillman and Keim, 2001). Strong social performance is more likely in 

firms with outside directors and significant institutional and executive shareholdings 

(Johnson and Greening, 1999: figure 2), but is lower in firms where executives have 

higher salaries and option compensation (McGuire, Dow and Argheyd, 2003). 

Behavioral biases clearly influence firms’ support for values-based decision criteria. 

 

A fourth vector of scholarly research adopts the perspective of investors, given that 

values-based criteria are used to invest a growing proportion of funds under 

management. This largely concentrates on the research question `Do shareholders 

derive superior returns from investing in firms that promote sustainability [or corporate 

social responsibility, environmental protection, ethics, shareholder protection and so 

on]?’ Comparisons of the performance of mutual funds that make ethical or socially 

responsible investments (SRI) with that of non-SRI firms have found no material 

difference in their risk-adjusted returns in the United Kingdom (Gregory, Matatko and 

Luther, 1997), United States (Statman, 2000) and other countries (Bauer, Koedijk and 

Otten, 2005). Recent approaches (e.g. Derwall, 2007) have begun to test this neutral 

2708



 

 8

conclusion by disaggregating umbrella concepts such as ESG and SRI and examining 

specific channels along which business strategies impact performance. 

 

The final area of research into values-based criteria for decisions is work by consultants, 

fund managers, governments and other bodies. This responds to a range of 

sustainability initiatives introduced by firms that modify their in-house operations, impose 

specific terms on contracts and investments, and promote sustainable practices across 

society (Stichele, 2005). This practitioner literature has disparate objectives, but 

generally seeks to inform a wide audience of stakeholders about the practical aspects of 

sustainability and other objectives, particularly whether they bring benefits, and how and 

to whom. In a typical example, Stranberg (2005) surveyed best practices by leading 

international banks and concluded that sustainability is an opportunity to improve 

business strategy and create long term value.  

 

Readers who observe the greater richness and depth of this last section of the literature 

relative to the academic corpus will recognize the situation as typical of emergent fields 

of study. In fact the seemingly broad opportunities to contribute to a concept that is 

valued by practitioners but remain only lightly explored in academia motivate a brief 

research agenda in the final section. With this background, let us turn now to the 

sustainable practices of major global institutions and their impact on performance and 

value. 

 

2709



 

 9

What Does `Sustainability’ Mean for Firms? 

This section proposes a working definition of corporate sustainability that provides 

testable hypotheses of its influence when incorporated in firms’ strategic decisions.  

 

The most obvious application of sustainability to corporate decisions is in investment 

strategy, which entails allocation of funds between assets that differ according to 

sustainable criteria. Another relevant decision involves financial risk, especially level of 

gearing of the project or investment, and use of insurance, hedges and other strategies 

or products to protect against loss.  

 

The concept of sustainability inevitably requires an eye to long term corporate risks, 

which – although hard to identify - involve possible damage to the viability of a firm or its 

market. Some are behavioral such as unethical practices, poor quality products and 

neglect of reputation. Other risks are sourced in products or processes that have long-

lived effects and so could prove damaging in the future. To complicate this issue, many 

of these risks are evolving with changing social and economic systems so that moral 

hazard can induce new risks (such as through embrace of emerging technologies) and 

formerly safe actions become risky (such as carbon emission).  

 

Any firm adopting `sustainable objectives' sends two strong signals to counterparties 

and other stakeholders. The first is to incorporate a deliberate bias towards longer term 

goals into strategic objectives and to place greater value on less quantifiable future costs 

and benefits. This axiomatically involves immediate expenses or opportunity cost. 

2710



 

 10

Adopting sustainable objectives also signals the intent (which is particularly relevant to 

managers and employees) to ensure that governance processes address a longer time 

frame and wider set of exposures. Paradoxically this broadening of stewardship 

introduces greater uncertainty into decisions, which imposes the need for more 

comprehensive risk management. 

 

In terms of specific definitions of corporate sustainability, an early proposal by Davis 

(1973: 312-313) was that it: 

Refers to the firm's consideration of, and response to, issues beyond the narrow 

economic, technical, and legal requirements of the firm. It is the firm's obligation 

to evaluate in its decision-making process the effects of its decisions on the 

external social system in a manner that will accomplish social benefits along with 

the traditional economic gains which the firm seeks.  

 

IISD, Deloitte & Touche and WBCSD (1992) added a different perspective: “For the 

business enterprise, sustainable development means adopting business strategies and 

activities that meet the needs of the enterprise and its stakeholders today while 

protecting, sustaining and enhancing the human and natural resources that will be 

needed in the future.”   

 

Bansal (2005) was motivated by our weak understanding of how firms operationalize 

sustainable development to research its meaning and concluded it is directed at 

environmental management, social responsibility and value creation. This incorporates 
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protection of resources to ensure equity in access between generations whilst ensuring 

economic prosperity. Soppe (2004) proposed that corporate sustainability also 

incorporates an ethical framework and active risk management. 

 

This material suggests the following definition: 

Sustainability in corporate decision making covers multiple topics - particularly the 

environment, society and economy - and shifts the objectives of strategic decision 

processes towards minimization of harmful future impacts on both market-based 

and less quantifiable factors (e.g. externalities). Sustainable firms will avoid 

operations and investments that have harmful impacts, now and in the future, on 

themselves and their markets (that is their customers and community). With an 

eye to longevity, they will adopt stabilizing strategies, particularly ethical dealings 

and risk minimization.  

This definition of sustainability means firms will clearly evidence their embrace of 

sustainable decision criteria in a number of strategic areas.  

 

Consequences of Sustainable Strategy 

The re-ordering of internal strategies that is inherent in targeting sustainability together 

with clear signals to counterparties should affect revenues through a realignment of 

products and services; and alter expenses through changes in process. Consider in turn 

the impacts on margins, corporate structure and valuation, and resulting hypothesis. 
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Adopting sustainable strategy can possibly have multiple impacts on margins 

(McWilliams and Siegel, 2000). The first is to require modification of operations and 

processes which involves higher current expenses. The second is to abandon 

unsustainable processes and products, which brings opportunity costs as foregone 

revenue. On balance, these impacts should be short-lived and will often be completed 

before adoption of a sustainable strategy.  

 

Sustainable strategy will alter counterparties’ assessment of the relative risks and 

returns from dealing with the organization and so alter the premium or discount they will 

require in transacting. In any transaction one party always knows more than the other. 

Thus suppliers, for instance, may pad their costs if they fear a firm may treat them 

unethically; similarly customers seek discounts if they are concerned at lack of product 

integrity. Clearly demonstrating a move to sustainable practices should dispel fears 

inherent in information asymmetry and lead to a higher bid-ask spread in the 

organization’s transactions. As a result:  

Hypothesis 1: Firms with a sustainable corporate strategy will have higher 

margins than other firms. 

 

The intuition behind adopting a sustainable perspective is that it alters a firm’s 

objectives, time frame, risk propensity and strategy; and reshapes its supply chain with 

consequent changes to the mix of assets and liabilities, inputs and outputs. Scholtens 

and Dam (2007), for instance, compared the social, ethical and financial traits of banks 
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that had signed the Equator Principles with a larger sample of other banks and found 

differences in `distinctive features’ of these firms. Therefore: 

Hypothesis 2: Firms with a sustainable corporate strategy will have significantly 

different balance sheet structures than other firms. 

 

When a firm successfully adopts a sustainable strategy, it can expect significant long-

term consequences. Its reputation for ethics and integrity should – as hypothesized 

above – lead to higher margins; and greater emphasis on risk management should 

reduce the incidence of failed strategies and downside losses. The broader and longer-

term criteria used in decision making will further reduce failed strategies and downside 

losses. Using the conventional assumption that firm value equals its expected future 

cash flows discounted at a risk-adjusted rate, sustainable firms will have higher 

expected cash flows that are subject to lower risk. Thus: 

Hypothesis 3: Firms with a sustainable corporate strategy will be valued more 

highly than other firms. 

 

In summary, moving to a sustainable strategy will realign the way that a firm portrays 

itself and its objectives, and alter the services that it offers. The alterations to products 

and services will inevitably change revenues and costs; impact margins through the 

response of counterparties; and realign the firm’s asset-liability mix. The hypothesized 

consequences will be tested in the following section by evaluating the influence of 

sustainable strategies on performance of firms within the global banking sector. 
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RESEARCH METHODOLOGY 

The research objective of this study is to evaluate the impact on strategy and 

performance of firms that adopt sustainable strategy. Despite abundant sources of data, 

it has proven problematic to classify firms as sustainable or not. I propose to analyze 

firms in a single industry – banking – and to distinguish their sustainable credentials by 

reference to the Equator Principles.  

 

Equator Principles as a Litmus Test of Sustainability 

The Equator Principles were launched in June 2003 under the auspices of the World 

Bank’s International Finance Corporation [full details are published at www.equator-

principles.com]. The Principles comprise a set of recommendations on conditions that 

should be written into project financing documentation to promote environmental, social 

and economic sustainability, and they are supported by signatories who wish: 

To ensure that the projects [they] finance are developed in a manner that is 

socially responsible and reflect sound environmental management practices. By 

doing so, negative impacts on project-affected ecosystems and communities 

should be avoided where possible, and if these impacts are unavoidable, they 

should be reduced, mitigated and/or compensated for appropriately. [Signatories] 

believe that adoption of and adherence to these Principles offers significant 

benefits to ourselves, our borrowers and local stakeholders 

A number of papers have evaluated the Principles including Scholtens and Dam (2007) 

and  Wright and Rwabizambuga (2006).  
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Since June 2003, all banks have had the opportunity to sign up to the Equator Principles 

whose hurdle requirements inevitably impact strategic decision making. Some financing 

opportunities will, for instance, be rejected, whilst others will have additional 

requirements imposed. This is likely to impact the mix of lending in terms of region, 

industry and cost; which – on the assumption of balance in asset liability management - 

will flow through to changes in liabilities. This leads to the working assumption behind 

this analysis that adoption of the Principles is a considered decision that presupposes 

adherence to a minimum set of operating standards. The fact that banks signing onto 

the Principles claim to hold themselves to a higher, beyond-compliance standard 

suggests a considered upgrade in strategic processes and decision criteria.  

 

Signing up to the Equator Principles involves a clearly identifiable, public action that 

occurs on a known date and has tangible impact. It is not merely stating acceptance of a 

sustainable philosophy through a change in organization mission or advertising. 

Moreover the Principles are a standardized set of requirements that impact bank-wide, 

and hence provide a better indicator of strategy than a firm’s industry or business line 

(many tests for corporate sustainability rely on filters using industry codes or product 

categories to identify socially irresponsible activities, which typically include armaments 

and the sin-industries of alcohol, tobacco or gaming).  The clarity of commitment 

inherent in signing the Equator Principles makes them a litmus test of an organization’s 

commitment to sustainable objectives. 
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The intuition is that adoption of the Principles signals a strong intent to adopt a 

sustainable philosophy (which proxies for a particular strategic bias) and puts in place an 

enabling mechanism that forces changes in business processes and internal strategies. 

Revisions to strategy and asset-liability mix will realign the services offered and – 

together with counterparty response - change expenses, revenues and margins. If 

adopting the Equator Principles does impact bank strategy and finances, then we should 

see emergence of three categories of banks that broadly form a continuum from most to 

least concerned over sustainability: banks that were the initial adopters of the Equator 

Principles in June 2003; banks that have subsequently adopted the Principles; and 

comparable banks that have not adopted the Principles.  

 

In addition there are a number of advantages from choosing firms in the banking sector, 

as recognized in previous studies (e.g. Miller and Eden, 2006). Most companies need 

the support of banks in their operations and investments, so they are not passive in 

regard to sustainability. In particular, they can tailor the allocation and cost of capital and 

the management of financial risks to promote sustainability of firms, markets and 

economies. Use of a single industry sector also keeps the study manageable and 

removes confounding effects from differences between firms’ industry. 

 

The impact of adopting sustainable strategy will be tested using two samples. The first 

comprises listed banks that have signed the Equator Principles (N=42) and hereafter will 

be referred to as signatories. The second sample is a set of controls that comprises the 
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same number of banks which have been matched by home country and market 

capitalization, but have not signed the Equator Principles, hereafter non-signatories.  

 

Endogeneity 

Cross-sectional studies of firm behavior invariably face a significant statistical issue 

because of endogeneity in sample data. The typical solution to this problem is to 

acknowledge it, run both ordinary and two-stage least squares regressions that usually 

provide similar results, and pay it no further mind (e.g. Gompers, Ishii and Metrick, 

2002). I follow an approach favored by  Börsch-Supan and Köke (2002) and obtain a 

comprehensive sample to avoid a selectivity bias; cast widely for theoretically relevant 

mechanisms so as to incorporate a broad range of explanatory variables to avoid the 

missing variable problem that gives misleading results; and use directly observable 

dependent variables that have minimal measurement errors.  

 

Dependent variables 

The performance of banks is expected to change following their adoption of sustainable 

practices, and a broad survey of the literature was conducted to identify variables with 

possible theoretical impact. These include measures of financial performance and value 

that will be driven by adoption of the Equator Principles, and moderated by the 

independent variables discussed above. 

 

Two measures of margin are included in the analysis. Profit margin equals profit before 

tax divided by operating revenue. Net interest margin equals net interest revenue 
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divided by total interest bearing loans. A measure of return to shareholders is value 

added which is the change in each bank’s share price as expressed in US dollars during 

the period 2003 to 2007. It is expected that signatories will have higher margins and 

value addition. 

 

Measures of valuation comprise the price-to-book ratio and price-to-earnings ratio that 

are, respectively, the market capitalization of the bank divided by shareholders’ funds 

and by the prior year’s reported profit. High values of these ratios indicate that the 

market is placing a relatively higher value on the bank’s assets and earnings, suggesting 

it has superior strategy, management and other intangible assets such as brand.  

 

A measure of uncertainty or risk to shareholder value is included as share price volatility, 

which is the standard deviation of the logarithm of daily price changes through the year. 

It is expected that sustainable banks should be less risky, and hence have lower 

volatility in share price. 

 

Independent Measures 

The analysis includes independent variables that are expected to reflect changes 

following firms’ decisions to adopt a sustainable strategy, or may be associated with the 

decision to pursue sustainability and hence act as controls. The decision to adopt a 

sustainable strategy is expected to impact on these variables, which should differ 

between signatories and non-signatories.   
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Measures of scale comprise operating revenue (net sales plus other revenues), market 

capitalization, shareholders funds (which is made up of subscribed equity, retained 

earnings and treasury stock) and total assets. These were included as controls, because 

larger firms are generally expected to perform more responsibly, and are also early 

adopters of self-regulation (Bansal and Hunter, 2003).  

 

Balance sheet ratios are designed to measure changes in risk, time frame and integrity 

of assets. Indicators are the solvency ratio which equals shareholders funds as a 

proportion of total assets and dividend payout ratio which is dividends as a proportion of 

after-tax income. These reflect the reliance on shareholders funds to finance the bank.  

 

An important indicator of bank strategy is evidenced by capital ratios that measure 

shareholders’ funds in light of bank liabilities (that is customer deposits and bank 

borrowings) and assets (loans made by the bank or bank funds invested). Capital funds 

are made up of shareholders funds plus subordinated loans (which rank behind other 

creditors) and hybrid capital (which has the characteristics of both debt and capital: it 

makes regular payments, but ranks below debt and repayment is contingent on meeting 

performance hurdles; the leading example is preference shares). Short term funding is 

obtained largely by issuing promissory notes or equivalent, and – like customer deposits 

– must be repaid at an early date, typically within 90 days. The ratios of capital funds to 

deposits plus short term funding and to total assets, respectively, are measures of the 

bank’s capital adequacy. A high ratio means that the bank has a greater proportion of 

equity to back its external liabilities. Total capital ratio is the value of shareholders funds 
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divided by risk-weighted assets; the latter is calculated by assigning a risk-weight of 

between zero and one depending on the credit risk of the loan. 

 

Because banks’ assets comprise loans that generally have a relatively long life and their 

liabilities are of much shorter duration, often at call, liquidity is a constant risk. The 

current ratio equals current assets (that is those with a life of less than one year) divided 

by current liabilities. This indicates the extent to which the bank can meet its potential 

short-term obligations: a high current ratio means that loans are of shorter duration and 

hence available sooner to pay at-call deposits. Liquid assets are made up of cash, at-

call deposits and investment grade securities that are easily sold. Total deposits and 

borrowings comprise the bank’s principal liabilities. The ratios of liquid assets to total 

deposits and borrowings and to short term funding, respectively, indicate the bank’s 

ability to meet near-term obligations as they fall due. 

 

Asset quality is an outcome of banks’ decisions when making loans (which comprise its 

assets). The loan loss reserve is an amount set aside as a liability to cover potential 

losses on loans. Impaired loans are those where the bank considers it is unlikely to 

collect the full amount of outstanding interest and principal. Ratio of loan loss reserve to 

gross loans indicates the provisioning requirements of the loan book: this ratio will be 

low for a loan portfolio with a lower probability of default (and for a bank that is willing to 

risk having insufficient provisions to meet its defaulting loans). Similarly the ratio of loan 

loss reserve to impaired loans indicates the expected probability of eventual default by 

loans and the extent to which the total loss is covered. The latter ratio need not be close 
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to one, of course, because many loans do not fully default due to mortgages and bank 

workout procedures. The ratio of impaired loans to gross loans is a measure of the 

realized riskiness of the loan portfolio. 

 

RESULTS 

Sample  

Table 1 reports a panel of banks that had signed the Equator Principles as at June 2007 

and which were listed between June 2001 and June 2006 so that comparable 

performance data are available. This gave six banks in the original group of ten 

signatories: Credit Lyonnais and HBV were taken over during 2004-5; and Rabobank 

and WestLB are unlisted. A further 36 banks remained from the 43 banks that signed 

between 2003 and 2007: Caja Navarra, CIFI, E+Co, EKF, FMO, and la Caixa are 

unlisted; and Dresdner is a subsidiary of Allianz Group. These steps, respectively gave 

two samples of initial signatories (N=6) and subsequent signatories (N=36). 

[Insert table 1 here] 

 

A comparable group of non-signatories (N=42) was prepared by matching each bank to 

another bank which was headquartered in the same country and was the closest match 

by market capitalization as at June 2007. This recognizes that larger firms may adopt 

different strategies because of their greater economies of scale and scope; and that 

national institutional frameworks can impact strategy (Shleifer and Vishny, 1997).   
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Performance between signatories and non-signatories is compared using operational 

and financial data sourced from the Bankscope database of Bureau van Dijk. This 

provides rich detail from banks’ accounts in a standard format and has been used in 

similar studies (e.g. Miller and Eden, 2006).  

 

Empirical Performance and Sustainability 

Table 2 reports descriptive statistics and correlations for the independent strategic 

variables discussed above for the full sample of 84 banks. 

[Insert table 2 here] 

 

Table 3 reports mean, unweighted values of operating measures that are likely to be 

impacted by incorporating a sustainable philosophy. Four groups are shown: initial and 

subsequent signatories to the Equator Principles; all signatories to the Equator 

Principles; and the matched control sample of non-signatories. The data relate to 2003 

which was the year when the Principles first appeared: the intuition is that initial 

signatories had realigned their strategies in anticipation of signing; subsequent 

signatories were about to undertake, or had partially completed, the necessary strategy 

alignment; and non-signatories had made minimal strategy change.  

[Insert table 3 here] 
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As expected, signatories and non-signatories have varied strategies, which emerge as 

monotonic differences between initial signatories, subsequent signatories and the 

matched sample of non-signatories.  

 

Scale – as measured by market capitalization, assets and revenue - decreases 

monotonically from initial signatories, through subsequent signatories to the matched 

sample. This reflects the early adoption of the Equator Principles by market leaders so 

that signatories now dominate banking in key countries. For instance, the largest five 

banks by market capitalization in both Canada and the United States are signatories; 

and the top three banks in Australia, Japan, Netherlands, Portugal and United Kingdom 

are signatories.  

 

Measures of capital adequacy increase monotonically from initial signatories, through 

subsequent signatories to the non-signatories. When measured by the solvency ratio or 

by capital funds as a proportion of short term liabilities, initial signatories have 

significantly less capital than subsequent signatories which in turn are significantly less 

capitalized than non-signatories. This is repeated with other measures of capital 

adequacy such as equity as a proportion of deposits and short term funds and equity as 

a proportion of net loans. 

 

Reflecting signatories’ lower capital adequacy, the dividend payout ratio decreases 

monotonically from initial signatories, through subsequent signatories to the lowest rate 

amongst non-signatories. 
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An interesting counter to signatories’ weaker capital adequacy is that asset quality is 

highest among initial signatories, and decreases monotonically through subsequent 

signatories to the matched sample. This is best shown by higher loan loss reserves as a 

proportion of gross loans. 

 

The final clear difference is in capital structure: signatories have a lower current ratio 

indicating less slack; and a lower proportion of liquid assets to short term and total 

borrowings. 

 

These patterns can be summarized as arising from differences between banks that 

signed the Equator Principles (either at inception in 2003 or in the following four years) 

and non-signatories in their inherent structure, financial decisions and risk strategy. 

Signatories tend to be the largest banks in their market, and several times the size of 

non-signatories, no matter what measure is used. Relative to non-signatories, the 

signatory banks rely more heavily on short term funding, and have lower capital 

adequacy. Matching the more risky balance of assets and liabilities that can be 

supported by signatories’ size and brand, they have a less risky lending strategy with 

significantly higher asset quality. 

 

The final test of differences between the banks is to examine the influence of 

sustainable practices on their financial performance. Table 4 reports the result of 

multiple regression of firm value, return and risk measures against the independent 

2725



 

 25

strategic variables and a signatory dummy (takes the value of 1 for signatories and zero 

otherwise). In each case, if the dummy did not appear in the regression, it was forced in. 

[Insert table 4 here] 

 

Out of the six performance measures, signing the Equator Principles had a significant 

impact only on profit margin and price-to-book ratio, in each case negative. The impact 

on price-to-earnings ratio, value added and share price volatility was not significant, but 

negative in each case. The only positive, although still statistically insignificant, impact 

was on interest margin.  

 

In summary, analysis of the operational structure and financial performance during 

2003-2007 of 84 banks, half of them attesting a commitment to sustainable business 

practices by signing the Equator Principles, showed that sustainable objectives 

significantly affect strategy and operations. The impact on financial performance is less 

clear, but is significantly negative on profit margin and price-to-book ratio, and otherwise 

insignificant. It is clear that sustainable strategy does not improve profitability, and may 

well destroy shareholder return.  

 

DISCUSSION AND CONCLUSIONS 

Conclusions from the discussion and analysis above are unequivocal: sustainability is an 

intuitively attractive concept to many investors and managers, which leads firms to alter 

their strategies. Despite the normative benefits of sustainability, comparison between 

banks showed that those making such a commitment have lower profit margin and price-
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to-book ratio, and - at least over the recent short term (three years) - did not add value 

for their shareholders. 

 

On one hand, this conclusion should not be a surprise as it matches the lack of a sound 

business case to support most values-based decision criteria. The sole exception relates 

to ethical treatment of counterparties which seems to ease fears by customers that they 

will buy lemons and fears of default by suppliers which improve profitability by, 

respectively, widening the bid-offer spread (Brickley, Smith Jr. and Zimmerman, 2002). 

Otherwise the economic justification for exceeding mandated requirements in relation to 

environmental protection, social responsibility, sustainability and so on has proven weak 

at best.  

 

On the other hand testing sustainability solely against its ability to deliver superior short 

term financial performance misses the fact that subordinating financial yardsticks to 

values-based criteria must inevitably reduce financial performance. In fact most intuitive 

reasons for believing that sustainable processes will add value – such as through 

enhancing reputation, improving corporate strategy and better managing risk – actually 

look to an increase in longer term financial value. This makes it interesting to find from 

this study (and most others) that there is no evidence that value is destroyed by 

promoting sustainable decisions in finance or other business strategies. This is not a 

trivial result given that a values bias would be expected to reduce short term financial 

performance. Perhaps it suggests that values really could proxy for good strategy, and it 

may be easier to identify a firm with a good values outlook than it is to identify good 
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financial performers (although readers should remember that Enron was one of the 

globe’s most admired firms as recently as 1 June 2000 when The Economist magazine 

hailed Enron CEO Ken Lay as a business visionary under the headline `The energetic 

messiah’).   

 

A balanced judgment, then, would be that – at the very least - incorporating sustainable 

criteria in business decisions will enhance firm performance in areas that are expected 

to promote superior long term results such as reputation, risk management and 

corporate strategy; and that – even though this alters bank strategy – it can probably be 

achieved at no immediate cost.  

 

Despite the absence of financial impact from adopting sustainable objectives, in the 

case of banks the decision is accompanied by significant differences in characteristics 

and strategy (although – as discussed below – the data are not yet sufficient to establish 

the direction of any causality).  

 

The most pronounced difference between signatories and non-signatories is size, with 

the largest banks in many principal markets having signed the Principles. There are 

multiple possible explanations for this. Large firms tend to be held to higher standards by 

their stakeholders and have more external directors with an interest in improved 

governance, including sustainability (Shleifer and Vishny, 1997). Larger banks are more 

exposed to project financing and so have relatively greater interest in signing onto the 

Principles. There may also be scale effects in adopting strategy-changing initiatives such 
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as the Equator Principles that make it easier for large banks to adopt. Finally large firms 

– including banks – have been early adopters of initiatives such as quality (Bansal and 

Hunter, 2003); thus signing the Principles may be another signal to counterparties of 

their conduct. 

 

The second major difference between signatory and non-signatory banks is in the risks 

of their assets and liabilities. Turning first to the liabilities side of their balance sheets, 

capital as a proportion of deposits and of loans decreases monotonically from non-

signatories through subsequent signatories to original signatories. The lower capital 

base of signatories is confirmed by a similar pattern with the solvency ratio; and in the 

monotonic decline in payout ratio from initial signatories to non-signatories. Not only do 

signatories have less capital backing their loans, they have less liquid assets: that is, 

they have relatively lower ability to repay their short term obligations. Thus original 

signatories have more risky liabilities than subsequent signatories which have more risk 

than non-signatories. 

 

On the asset side of the balance sheet, however, there is a monotonic decrease in risk 

from original signatories through subsequent signatories to non-signatories. As a 

proportion of their loans, for instance, signatories set aside only two thirds as much as 

non-signatories to cover losses.  

 

This is an excellent example of asset-liability management (Shimpi, 2003) in which the 

banks take a holistic view of risk, and increase risks in areas they can control or where 
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they have relative advantage and reduce risks in other areas to match. Thus large banks 

tend to have stronger credit ratings and hence relatively greater certainty in being able to 

rely on cheap short term funding. This would explain reliance on short term, low liquidity 

funding by signatories which average three times the size of non-signatories. Size also 

brings a portfolio effect so that the loan portfolios of larger banks involve lower lending 

risk than similar, smaller portfolios. This is confirmed by the fact that share price volatility 

or risk falls with size.  

 

The unpacking of performance measures reported in table 4 has an interesting 

implication for banks in that greater balance sheet risk brings higher returns. Profit 

margin, for instance, rises by three percent for every percent fall in the total capital ratio. 

The last generally implies lending to less creditworthy customers, and is confirmed by 

the higher interest and profit margins for banks that need to increase their provision for 

loan defaults. This positive relationship between return and risk is not a surprise, but it is 

not often demonstrated by showing that an inherently more risky strategy (rather than 

more uncertain cash flows) translates to higher returns.  

 

Implications for Investors and Governance 

The most important practical implication of this study is for investors and Boards. 

Signing the Equator Principles is similar to adopting other voluntary measures towards 

ethical or socially responsible strategies: the firm regulates itself by adopting an above-

compliance code of conduct (Florini, 2003). A number of studies have shown that explicit 

self-regulation such as imposing quality frameworks does not necessarily change a 
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firm’s strategy (Bansal and Hunter, 2003). That benign result from self-regulation is quite 

different to the findings here, because banks that have adopted the Principles have 

measurably different strategies to non-signatories, and their financial performance is 

either inferior to, or no better than, that of non-signatories.  

 

Bank strategies, including profit margin, are largely determined by management. Thus 

the differences in strategies adopted by signatories and non-signatories as shown in 

table 3 mean that managers in the two groups of banks have different objectives and 

goals. In short, they are governed and/or managed differently. By contrast, measures of 

value and shareholder returns are external responses to bank strategies and 

performance. The relatively lower price-to-book ratio for signatories means that markets 

believe that non-signatories are better able to manage the assets that they have. In 

short, markets believe that there is value in not signing the Equator Principles. 

 

For Boards and investors, then, a bank does not secure any financial benefit from 

adopting the Principles. There is some evidence that signatories have better CSR 

performance (Scholtens and Dam, 2007), but no support here or in other studies for 

financial out-performance. Investors clearly cannot rely on sustainable criteria as proxies 

for selecting out-performing stocks or funds. More importantly, Boards need to carefully 

consider the rationale and justification for voluntarily adopting sustainability (and, by 

implication, ethics, CSR and other codes of conduct) when it goes beyond benign 

`greenwash’ or equivalent and significantly alters strategy.  
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Limitations and Future Research 

Although this study has found that signatories have lower profit margin and price-to-book 

ratio than non-signatories, an important limitation is that it has not established causality: 

does adopting the Principles adversely impact some performance measures; or do 

poorly performing banks adopt the Principles? With the effluxion of time, more data on 

the performance of signatories will become available and provide sufficient granularity to 

probe the nature of the relationship between performance and signing up to the 

Principles. 

 

A further opportunity for future research comes from a theme running through the 

discussion that scholarly research into corporate sustainability lags practitioner actions. 

The most obvious gap in the research agenda is the transmission mechanism whereby 

adopting sustainable criteria affect corporate decision processes and strategy, and the 

nature and scale of such impacts, especially on financial performance. This involves a 

lot more than testing correlations between corporate performance as measured by 

financial parameters (whether accounting or market based) and sustainability measures 

because - as shown here - any linkage is moderated by firm traits; and because of the 

industry effects identified by other authors (Barnett, 2007). Thus a good deal of work is 

required to explain links between measures of corporate financial and sustainability 

performance. Resolution of this question will go a long way towards illuminating the 

criteria that should be incorporated into decisions to make them more sustainable and 

the criteria that should be used to judge sustainable firms. 
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A second significant gap in sustainable research is the dearth of information that 

investors can employ to identify truly sustainable firms and projects. Although markets 

generate information and will close knowledge gaps to facilitate sustainable investing, 

research can help. These initiatives will lead to development of criteria to identify 

sustainable firms. As my analysis suggests that firms that explicitly adopt sustainable 

objectives have significantly different strategies to control firms, it is realistic to assume 

that sustainable criteria can be developed from readily available data. 

 

A third topic for research is brought to mind by the fact that the sector examined in this 

article – that is banking - is one of the most regulated of all industries (Demirguc-Kunt, 

Laeven and Levine, 2004). Given that legislation arises from policy-makers’ self-interest 

in light of political pressures and incentives (Pagano and Volpin, 2001), the importance 

of sustainability to critical institutions and systems makes policy initiatives inevitable. As 

a tangible example, the Corporations and Markets Advisory Committee of the Australian 

parliament has recently undertaken an inquiry into whether the Corporations Act 2001 

(which governs the duties of directors) should be amended to include corporate social 

responsibilities (St. John, 2006).  

 

Thus a logical question is what, if any, role governments and regulators should play in 

relation to enforcing sustainability in corporates’ operations and strategy. In the event 

that policy changes are contemplated, it is essential to fully understand the form that 

they should take. This research area would consider funding sources and the 
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mechanisms whereby funds flow to projects, and then link this to sustainable investment 

criteria and outcomes.  

 

Finally it is not clear whether sustainability will prove a real, lasting source of value; or 

whether it is merely one more in a long line of management fads (think of now discarded 

concepts as diverse as: continuous improvement, JIT, quality improvement, and right-

sizing) that prove short-lived (Harari, 1993) and provide a ready-made target for 

cynicism. A good example of the last is a supplement to The Economist magazine 

published on 22 January 2005 which was described as “a skeptical look at corporate 

social responsibility” (Crook, 2005) and provoked a strong reaction. Perhaps in 

response, The Economist published another supplement where Franklin (2008) stated 

that CSR “is now seen as mainstream”. My sense is that the nascent research field of 

sustainability shows great strategic promise, but a lot more work is required for this 

promise to be established and leveraged strategically to add value. 
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Table 1 

Banks That Have Adopted the Equator Principles1 

 
ABN AMRO Bank, N.V. * 
ANZ 
Banco Bradesco 
Banco do Brasil 
Banco Galicia 
Banco Itaú 
Bank of America 
BMO Financial Group 
BTMU 
Barclays plc * 
BBVA 
BES Group 
Calyon 
Caja Navarra 
CIBC 
CIFI 
Citigroup Inc. * 
CORPBANCA 
Credit Suisse Group * 
Dexia Group 
Dresdner Bank 
E+Co  
EKF 
FMO 
Fortis 
HBOS 

HSBC Group 
HypoVereinsbank * 
ING Group 
Intesa Sanpaolo 
JPMorgan Chase 
KBC 
la Caixa 
Manulife 
MCC 
Mizuho Corporate Bank 
Millennium bcp  
Nordea 
Nedbank Group 
Rabobank Group * 
Royal Bank of Canada 
Scotiabank 
SEB 
Standard Chartered Bank 
SMBC 
TD Bank Financial Group 
The Royal Bank of Scotland * 
Unibanco 
Wachovia 
Wells Fargo 
WestLB AG * 
Westpac Banking Corporation * 

1 This list of 52 banks that are current signatories to the Equator Principles was 
obtained from www.equator-principles.com/index.html on 9 August 2007. Nine of the 
original ten banks that signed in June 2003 are shown in bold with an *; the other 
original signatory was Credit Lyonnais which was acquired by Credit Agricole in 
2003, after which its investment banking business was merged into Calyon. An 
additional initial signatory to the Principles was International Finance Corporation 
which is a subsidiary of the World Bank. 
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Table 2 
Descriptive Statistics and Correlations 

 
 Mean s.d 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
1. Signatory 0.50 0.50  
2. Market Capitalization $US 
Billion 

55.10 58.27 .25  

3. Operating Revenue  17.02 18.03 .28 .94  
4. Total Assets  555.2 583.2 .26 .78 .85   
5. Shareholders Funds  27.95 30.93 .30 .93 .94 .85  
6. Solvency Ratio  7.01 7.60 -.12 -.09 -.14 -.26 -.07  
7. Dividend Pay-Out Ratio  34.83 15.89 .33 -.07 -.06 -.16 -.08 .29 
8. Capital Funds/Deposits and 
Short Term Funding  

13.80 6.68 -.22 -.10 -.03 -.29 -.12 .54 -.05

9. Capital Funds/Total Assets  8.00 2.91 .12 -.01 -.07 -.36 -.01 .93 .39 .50
10. Equity/ Deposits and Short 
Term Funding  

10.47 5.95 -.24 -.10 .04 -.27 -.13 .48 -.13 .96 .43

11. Total Capital Ratio 12.52 2.38 .09 -.02 -.06 -.17 -.12 .50 .01 .35 .37 .34
12. Current Ratio  0.72 3.35 -.18 -.07 -.06 -.11 -.03 .65 -.50 .70 -.21 .74 -.09
13.Liquid Assets/ Total 
Deposits and Borrowings (%)  

18.02 32.17 -.27 .08 .13 -.02 .09 .76 -.51 .62 -.07 .66 .01 .89

14. Liquid Assets/Short Term 
Funding (%)  

29.53 55.87 -.34 .07 .18 .04 .03 -.07 -.52 .67 -.22 .74 -.09 .98 .90

15. Loan Loss 
Reserve/Impaired Loans  

166.9 122.3 -.13 .05 -.01 -.21 .02 .33 .02 .10 .34 .14 -.11 .17 .17 .17

16. Loan Loss Reserve/Gross 
Loans  

1.91 2.06 .02 -.15 -.12 -.22 -.16 .61 .06 .58 .53 .62 .59 .19 .24 .20 -.16

17. Impaired Loans/Gross 
Loans  

1.84 2.45 .05 -.18 -.12 -.18 -.17 .45 .07 .59 .41 .62 .58 -.07 -.04 -.07 -.39 .91
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Table 3 
Strategic Alignments of Sample Banks 

 
This table reports mean, unweighted values of significant operating and financial parameters for listed banks that 
were original signatories to the Equator Principles in June 2003 (N=6); those that had subsequently signed by June 
2007 (N=36); and a matched sample of non-signatories in June 2007 (N=42). All values are as reported for 2003, 
either full year or year end. Tests of statistically significant differences between groups are subsequent signatories 
vs. original signatories; and non-signatories vs. all signatories. Significance is bolded and indicated by: *** p<1%;  
** p< 5%: and * p< 10%. Variables are defined in the text. 

 
  Original 

signatories 
Subsequent 
signatories 

All 
signatories

Non-
signatories

Scale (Billion USD)     
Market Capitalization  82.6 32.6 40.1 22.4 
Operating Revenue  30.8 12.4 15.1 7.8** 
Total Assets  752.2 407.9 459.5 246.8* 
Shareholders Funds  39.1 19.3 22.1 9.6** 
     
Structure Ratios (percent)     
Solvency Ratio  4.94 6.11 5.94 9.81* 
Dividend Pay-Out Ratio  47.66 42.86 43.66 35.97 
     
Capital Ratios (percent)     
Capital Funds/Deposits and Short Term Funding  10.76 12.23 12.00 27.73 
Capital Funds/Total Assets  7.50 8.35 8.22 12.39* 
Equity/Deposits and Short Term Funding  7.14 8.84 8.58 22.13 
Total Capital Ratio 8.87 9.10 9.05 8.66 
     
Liquidity Ratios     
Current Ratio  0.25 0.22 0.22 0.96** 
Liquid Assets/Total Deposits and Borrowings (%)  22.21 19.65 20.10 31.61* 
Liquid Assets/Short Term Funding (%)  24.87 22.22 22.67 69.93** 
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Asset Quality (percent)     
Loan Loss Reserve/Impaired Loans  108.34 109.33 109.17 154.39* 
Loan Loss Reserve/Gross Loans  1.73 3.36** 3.11 4.38 
Impaired Loans/Gross Loans  2.15 3.68 3.44 3.22 
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Table 4 

This table shows results of multiple regression of value measures against independent variables; in each case a 
Signatory Dummy is forced if necessary (=1 if bank signed Equator Principles; 0 otherwise). Standard errors are in 
parentheses; and significance is indicated by: *** p<1%;  ** p< 5%: and * p< 10%. 

 
Independent 

variable 
Profit Margin – 

2006 (%) 
Net Interest Margin 

– 2006 (%) 
Price: 

Book Ratio 
– year end 

2006 

Price: Earnings 
Ratio – year end 

2006 

Value Added (USD 
Share Price Change 

2003-7 : %) 

Share Price 
Volatility - 2006 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 Model 8 Model 9 Model 10 Model 11 
Constant 72.79*** 

(8.00) 
69.0*** 
(7.3) 

0.773*** 
(0.23) 

0.632**
(0.30) 

2.86*** 
(0.26) 

12.86*** 
(0.55) 

13.29*** 
(0.78) 

321.4***
(71.9) 

331.6*** 
(77.1) 

0.251*** 
(0.02) 

0.253*** 
(0.02) 

Equity/ Deposits & 
Short term funding 

    -0.09*** 
(0.03) 

      

Impaired Loans/ 
Gross Loans - 
2006 

     -0.57*** 
(0.20) 

-0.58*** 
(0.20) 

46.7*** 
(13.6) 

46.8*** 
(13.7) 

0.017*** 
(0.005) 

0.017*** 
(0.005) 

Loan Loss 
Reserve/Impaired 
Loans 

0.02*** 
(0.007) 

0.016 
(0.010) 

0.901*** 
(0.08) 

0.90*** 
(0.08) 

0.002** 
(0.001) 

      

Price:Book Ratio: 
end 2003 

       -125.9***
(35.7) 

-126.0***
(36.0) 

  

Revenue 2006 
$US Bill 

         -1.42** 
(0.04) 

-1.41** 
(0.04) 

Total Capital ratio -3.01*** 
(0.67) 

-2.46***
(0.53) 

         

Signatory Dummy  -5.25** 
(2.51) 

 0.25 
(0.34) 

-0.35* 
(0.18) 

 -0.72 
(0.91) 

 -16.9 
(43.3) 

 -0.007 
(0.02) 

Adjusted R2 0.384 0.352 0.642 0.639 0.298 0.116 0.109 0.409 0.399 0.248 0.235 
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