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Abstract 
 

This paper examines the cross-section and time-series effects of idiosyncratic risk on a broad set 
of anomalies. Consistent with theories of limited arbitrage, we find that, in cross section, anomalies 
are more pronounced among stocks with higher idiosyncratic volatility. More importantly, we 
show that, in time series, anomalies are stronger following periods of high aggregate idiosyncratic 
volatility. Both the cross-section and time-series effects are mainly driven by short positions, 
suggesting that short-sale constraints intensify the impact of idiosyncratic risk. Our findings 
provide fresh support for theories of limited arbitrage and mispricing-based explanations for 
anomalies. 
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1. Introduction 

Previous studies have identified numerous market anomalies, i.e., cross-section of stock 

return patterns that cannot be explained by traditional asset pricing models.1 One of the most 

important debates in the literature is whether the abnormal returns associated with these anomalies 

are compensations for systematic risk or reflections of mispricing. A key challenge faced by the 

behavioral explanations is that if anomalies represent mispricing, then why professional 

arbitrageurs do not exploit these opportunities and quickly eliminate the mispricing.  

Shleifer and Vishny (1997) argue that arbitrage is risky and therefore limited, which 

prevents rational traders from fully eliminating market inefficiencies. They identify idiosyncratic 

volatility as a primary arbitrage risk and suggest that mispricing should be greatest when 

idiosyncratic risk is highest. More specifically, theories of limited arbitrage (see also Pontiff 

(2006)) predict that, in cross section, anomalies should be stronger among stocks with higher 

idiosyncratic volatility, and that in time series, anomalies should be more pronounced following 

periods of high aggregate idiosyncratic volatility. The purpose of this paper is to systematically 

explore the cross-section and time-series effects of idiosyncratic risk by examining a broad set of 

anomalies based on size, book-to-market, past stock returns, profitability, unexpected earnings, 

accruals, asset growth, corporate investment, equity financing, and financial distress. 

A number of recent papers have examined the cross-sectional impact of idiosyncratic risk 

on market anomalies.2 Although most of these studies find evidence consistent with the limits-to-

arbitrage argument, several studies reach different or even opposite conclusions. McLean (2010), 

                                                 
1 See, e.g., Fama and French (1996, 2008), Schwert (2003), Subrahmanyam (2010), Green, Hand, and Zhang (2013), 
and Harvey, Liu, and Zhu (2014) for a review of these anomalies.  
2 See, e.g., Mendenhall (2004), Ali, Hwang, and Tromley (2003), Mashruwala, Rajgopal, and Shevlin (2006), Zhang 
(2006), Arena, Haggard, and Yan (2008), Brav, Heaton, and Li (2010), Duan, Hu, and McLean (2010), McLean 
(2010), Li and Zhang (2010), Lam and Wei (2011), Li and Sullivan (2011), Lipson, Mortal, and Schill (2011), Cao 
and Han (2013), and Stambaugh, Yu, and Yuan (2013). 
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for example, shows that the momentum anomaly is unrelated to idiosyncratic risk. Brav, Heaton, 

and Li (2010) find that, contrary to the prediction of the limits-to-arbitrage theory, several 

undervaluation anomalies are stronger when idiosyncratic risk is lower. Thus, the literature is still 

ambiguous about the cross-sectional impact of idiosyncratic risk on anomalies. 

More importantly, although many studies have examined the cross-section effect of 

idiosyncratic risk, little research have investigated the time-series effect of idiosyncratic risk.3 To 

the extent that idiosyncratic risk impedes arbitrage activity, arbitrage capital will be more limited 

when the aggregate idiosyncratic volatility is higher. Everything else equal, this results in greater 

mispricing in the current period and higher anomaly returns during the subsequent period. Thus, 

the limits-to-arbitrage theory predicts a positive relation between anomaly returns and lagged 

aggregate idiosyncratic volatility. Our paper is the first to provide a systematic analysis of this 

prediction. 

We test four hypotheses related to the cross-section and time-series effects of idiosyncratic 

risk, both independently and in combination with the effect of short-sale constraints. The first 

hypothesis is that anomaly returns should be higher among stocks with higher idiosyncratic 

volatility (IVOL). Examining twenty well-documented anomalies over an extended sample period, 

we find strong evidence consistent with this hypothesis. The long-short hedge return is 

significantly greater for high-IVOL stocks than for low-IVOL stocks across almost all anomalies 

we examine. To assess the overall impact of idiosyncratic volatility on mispricing, we construct a 

composite strategy that combines information from all 20 anomalies. The equal-weighted hedge 

return to this composite strategy is 2.66% per month for high-IVOL stocks and only 0.67% per 

                                                 
3 In a concurrent paper, Akbas et al. (2013) investigate whether returns to the momentum, profitability, reversal, and 
value anomalies are influenced by flows of arbitrage capital. They include aggregate idiosyncratic volatility as a 
control variable and find a negative but insignificant relation between aggregate idiosyncratic volatility and anomaly 
returns. 
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month for low-IVOL stocks. The difference between high- and low-IVOL stocks is economically 

and statistically significant.  

The second hypothesis is that the difference in anomaly returns between high- and low-

IVOL stocks is driven primarily by short positions. The rationale for this hypothesis is that the 

presence of short-sale constraints (D’Avolio (2002) and Almazan et al. (2004)) makes the short 

positions more costly to maintain than long positions, and therefore overpricing will be more 

pronounced than underpricing (Hong, Lim, and Stein (2000) and Stambaugh, Yu, and Yuan 

(2012)). In addition, short sellers such as hedge funds are likely to be more concerned about 

idiosyncratic risk than long-only investors such as mutual funds. As a result, the effect of IVOL 

should be stronger for short positions than for long positions (Stambaugh, Yu, and Yuan (2013)). 

Our empirical results support this hypothesis. We find that the majority of the difference in 

anomaly returns between high- and low-IVOL stocks is attributed to the short leg of the long-short 

strategy. Taking the composite strategy as an example, we find that of the 1.99% difference in 

hedge returns between high- and low-IVOL stocks, 1.54% is due to the short leg.  

The most important hypothesis in our paper is the third hypothesis, which states that 

anomalies should be more pronounced following periods of high aggregate idiosyncratic volatility. 

To test this hypothesis, we divide our sample into two equal-length periods based on past 12-month 

aggregate idiosyncratic volatility. We find that, for about half of the anomalies, the long-short 

hedge return is significantly higher following periods of high aggregate idiosyncratic volatility. 

Looking at the composite strategy, we find that the hedge return is 2.60% following high-aggregate 

IVOL periods and is just 1.52% following low-aggregate IVOL periods. The difference of 1.08% 

is highly significant. We obtain similar results using a regression approach. The coefficient on 

lagged aggregate IVOL is positive and statistically significant when pooled across anomalies. This 
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result is robust to time-varying market beta and to the control of other market-wide limits-to-

arbitrage or funding condition variables. The above findings are important because the time-series 

effect of idiosyncratic risk is distinct from the cross-sectional effect, and as such, they provide new 

support for the limits-to-arbitrage theory. 

Although the relation between anomaly returns and lagged aggregate IVOL is positive and 

significant on average, there is large variation in the strength of this relation across anomalies. To 

explore which anomalies tend to have a stronger aggregate IVOL effect, we perform a cross-

anomaly analysis. Even though there are only 20 observations in the regression, we find significant 

evidence that anomalies whose long-short portfolios are populated with more high-IVOL stocks, 

and anomalies that have longer holding periods tend to exhibit greater aggregate IVOL effect.4  

The fourth hypothesis we explore is that the positive time-series relation between anomaly 

returns and lagged aggregate idiosyncratic volatility is more pronounced for short positions. The 

motivation for this hypothesis is similar to that of the second hypothesis, i.e., overpricing is more 

difficult to arbitrage away and therefore the impact of idiosyncratic risk should be stronger among 

overpriced stocks. Our evidence is consistent with this hypothesis. While we find a strong positive 

relation between lagged aggregate IVOL and returns to the short leg of anomalies, we find little 

evidence of a significant relation between lagged aggregate IVOL and returns to the long leg. 

Overall, our results suggest that idiosyncratic risk and short-sale constraints are important 

impediments to arbitrage, and that they impact the cross-section of stock returns. Our findings are 

consistent with the prediction that anomalies are strongest when the limits-to-arbitrage are greatest, 

and as such, they support mispricing-based explanations for anomalies. We acknowledge that our 

paper does not examine the noise trader demand that generates the mispricing in the first place. 

                                                 
4 The latter result is consistent with the idea that IVOL is a holding cost (Pontiff (2006)) and therefore should matter 
more when the holding period is longer.   
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We also recognize that in the absence of a perfect understanding of asset pricing, it is not possible 

to completely rule out risk-based explanations. At a minimum, the pervasiveness of the 

idiosyncratic risk effects in both cross section and time series and across numerous anomalies 

presents a great challenge for rational models. 

Our paper contributes to the literature on limits-to-arbitrage in two important ways. First, 

we provide a comprehensive analysis of the cross-sectional relation between IVOL and anomaly 

returns. Previous studies typically examine one or several related anomalies in isolation and they 

tend to use different methodologies. By examining a large number of anomalies simultaneously 

and by using consistent methodologies, we are able to evaluate the pervasiveness of the cross-

section effect of idiosyncratic risk and reconcile the different findings among existing studies.  

Second and more importantly, we contribute to the literature by providing a first, 

systematic analysis of the time-series relation between aggregate IVOL and subsequent anomaly 

returns. This time-series perspective complements the traditional cross-sectional approach in at 

least three ways. First, the cross-sectional test exploits variation in idiosyncratic volatility across 

stocks, but ignores variation in idiosyncratic risk over time. The time-series test fills this gap and 

helps provide a more complete picture of the impact of idiosyncratic risk. Moreover, to the extent 

that the time-series effect of idiosyncratic risk has not been examined before, it provides an “out-

of-sample” test of the limits-to-arbitrage theory. Second, idiosyncratic volatility is correlated with 

other firm characteristics such as size, liquidity, and institutional ownership, which makes it 

difficult to disentangle the impact of idiosyncratic volatility. The aggregate idiosyncratic volatility 

is free from this issue because it is averaged across all stocks. Third, previous studies (Ang et al. 

(2006) and Fu (2009)) have shown that idiosyncratic volatility itself is a strong predictor of the 
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cross-section of stock returns. The presence of this relation complicates the analysis of the cross-

section effect of idiosyncratic risk on anomalies, but has no impact on the time-series analysis. 

Our paper is closely related to several recent studies examining the time-series variation in 

anomaly returns. Chordia, Subrahmanyam, and Tong (2013) investigate whether there is a trend 

in anomaly returns and find that many popular anomalies have diminished over time. McLean and 

Pontiff (2013) examine the post-publication performance of a comprehensive set of anomalies and 

find that the average post-publication decay is about 35%. In contrast to these two studies which 

focus on deterministic changes, we examine stochastic changes of anomaly returns in response to 

aggregate idiosyncratic volatility. In this sense, our paper is more closely related to Stambaugh, 

Yu, and Yuan (2012), who find a significant link between investor sentiment and anomaly returns; 

Akbas, Armstrong, Sorescu, and Subrahmanyam (2013), who use fund flows as a proxy for 

arbitrage capital and find that market efficiency varies with the flow of arbitrage capital; and 

Hanson and Sunderam (2014), who measure the amount of arbitrage capital from the cross-section 

of short interest and show that the growth of arbitrage capital has resulted in lower returns to value 

and momentum strategies. 

The rest of this paper proceeds as follows. Section 2 reviews the related literature and 

discusses the testable hypotheses. Section 3 describes the data, sample, and methodology. Section 

4 presents the empirical results. Section 5 concludes. 

 

2. Hypothesis Development 

Shleifer and Vishny (1997, p.51) argue that idiosyncratic volatility impedes arbitrage. “All 

else equal, high volatility will deter arbitrage activity. To specialized arbitrageurs, both systematic 

and idiosyncratic volatility matter. In fact, idiosyncratic volatility probably matters more because 
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it cannot be hedged.” Pontiff (2006) also identifies idiosyncratic volatility as a primary arbitrage 

holding cost. He contends that idiosyncratic risk, regardless of the arbitrageur’s level of 

diversification, deters arbitrage activity.  

The models of Shleifer and Vishny (1997) and Pontiff (2006) imply that, in equilibrium, 

the magnitude of mispricing should be positively related to the level of idiosyncratic volatility. 

Because idiosyncratic volatility varies both across securities and over time, theories of limits-to-

arbitrage predict that (1) in cross section, anomalies should be stronger among stocks with higher 

idiosyncratic volatility, and that (2) in time series, anomalies should be more pronounced following 

periods of high aggregate idiosyncratic volatility. Based on these predictions and in combination 

with the effect of short-sale constraints, we develop the following four testable hypotheses. 

H1: Anomaly returns are higher among stocks with higher idiosyncratic volatility.  

Pontiff (2006) argues that as long as price deviates from fair value, arbitrageurs will take a 

position to exploit the mispricing. However, arbitrageurs must trade-off the risk of their position 

against the expected profit of the position. All else equal, the arbitrageur will take a relatively small 

position in a high-idiosyncratic volatility stock. In other words, arbitrageurs will push mispricing 

toward zero, but do so less for high-idiosyncratic volatility stocks. As a result, the largest 

mispricing should be found among stocks with the highest idiosyncratic volatility, as these stocks 

receive the least arbitrage capital. 

H2: The difference in anomaly returns between high- and low-IVOL stocks is driven 

primarily by short positions. 

Short-sale constraints represent an important impediment to arbitrage for several reasons. 

First, shorting is costly. D’Avolio (2002), for example, finds that many stocks are costly to short 

due to low supplies of lendable shares from institutional investors. Second, short sellers are 
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exposed to the risk of short squeeze, i.e., the risk of not being able to borrow the shorted stock and 

therefore having to cover the position prematurely (Ali et al. (2003)). Third, many institutional 

investors such as mutual funds are prohibited from short selling (Almazan et al. (2004)).  

The implication of short-sale constraints as an important impediment to arbitrage is that 

overpricing is likely to be more pronounced than underpricing (Hong, Lim, and Stein (2000) and 

Stambaugh, Yu, and Yuan (2012)). As such, we expect the difference in the degree of mispricing 

across different levels of IVOL to be greater among overpriced stocks than among underpriced 

stocks (Stambaugh, Yu, and Yuan (2013)). Another reason why we expect the IVOL effect to be 

more pronounced for short positions is that long-only investors such as mutual funds generally 

hold diversified portfolios and are able to effectively exploit underpricing even among high-IVOL 

stocks. In contrast, investors engaging in short positions such as hedge funds are typically not as 

diversified and therefore are more sensitive to idiosyncratic risk. As a result, the impact of 

idiosyncratic risk on mispricing is likely to be stronger for short positions than for long positions. 

Several studies have explored this hypothesis, but find conflicting results. Cao and Han 

(2013) find a strong IVOL effect for both long and short positions and no evidence of long-short 

asymmetry. Stambaugh, Yu, and Yuan (2013) find a significant IVOL effect for both long and 

short positions, but show that the effect is stronger for short positions. Brav, Heaton, and Li (2010) 

find a significant IVOL effect for short positions but an opposite effect for long positions. 

H3:  Anomaly returns are higher following periods of high aggregate IVOL.  

Idiosyncratic volatility not only varies across stocks, but also changes over time. To the 

extent that idiosyncratic volatility dampens arbitrage activity, arbitrage capital will be more limited 

when the aggregate idiosyncratic volatility is higher. All else equal, lower arbitrage capital leads 

to greater divergence from fundamental value (i.e., mispricing) in the current period and higher 
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return predictability (i.e., anomaly returns) during the following period. Thus, the limits-to-

arbitrage theory predicts a positive relation between anomaly returns and lagged aggregate 

idiosyncratic volatility. 

H4: The positive time-series relation between anomaly returns and lagged aggregate IVOL 

is more pronounced for short positions than for long positions. 

As stated earlier, short-sale constraints imply that overpricing will be more difficult to 

arbitrage away than underpricing. The combination of IVOL effect and short-sale constraints 

suggest that the time-series relation between anomaly returns and lagged aggregate idiosyncratic 

volatility is more pronounced for the short leg than for the long leg. 

 

3. Data, Sample, and Methodology 

3.1. Data and Sample 

Our sample consists of NYSE, AMEX, and NASDAQ common stocks (with a CRSP share 

code of 10 or 11) during the period from 1931 to 2012 with data necessary to compute anomaly 

variables (listed below) and subsequent stock returns. We obtain share price, stock return, SIC 

code, and shares outstanding from CRSP. We obtain quarterly and annual accounting variables 

from COMPUSTAT. We exclude financial stocks, i.e., those with one-digit SIC code of 6. We 

also remove stocks with a price lower than $1 at the portfolio formation date. We obtain Fama and 

French (1996) factors and the momentum factor from Kenneth French’s website. 

 

3.2. Anomalies 

We examine 20 well-documented anomalies based on size, book-to-market, past stock 

returns, profitability, unexpected earnings, accruals, asset growth, corporate investment, equity 
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financing, and financial distress. Each anomaly yields a pattern in stock returns that is difficult to 

explain with traditional asset pricing models. We refer the reader to the Appendix for detailed 

definitions and constructions of these anomaly variables. 

Anomaly 1, 2, and 3: Asset growth, investment-to-asset, and investment growth. Cooper, 

Gulen, and Schill (2008) find that firms with high asset growth rate earn significantly lower 

subsequent returns than firms with low asset growth rate. Lyandres, Sun, and Zhang (2008) show 

that the investment-to-asset ratio negatively predicts the cross-section of stock returns. Xing (2008) 

shows that firms with low investment growth earn significantly higher average returns than firms 

with high investment growth. 

Anomaly 4: Size. Banz (1981) finds that stocks will low market capitalization have 

abnormally high average returns. Fama and French (1992, 1996) confirm this result and include a 

size factor in their three-factor model. 

Anomaly 5, 6, and 7: Short-term reversal, momentum, and long-run reversal. Jegadeesh 

(1990) and Lehmann (1990) find significant evidence of return reversal at the one-month horizon. 

Jegadeesh and Titman (1993, 2001) show that stocks that perform well in the recent past continue 

to earn higher returns during the next 3 to 12 months than stocks that perform poorly in the recent 

past. DeBont and Thaler (1985) find that stocks that perform poorly in the past five years earn 

significantly higher future returns than stocks that perform well in the past five years. 

Anomaly 8 and 9: Book-to-market and sales growth. Rosenberg, Reid, and Lanstein (1984) 

find that high book-to-market stocks significantly outperform low book-to-market stocks. Fama 

and French (1992, 1996) confirm this result and include a value factor in their three-factor model. 

Lakonishok, Shleifer, and Vishny (1994) show that stocks with high past sale growth rate 

underperform stocks with low past sales growth rate.  
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Anomaly 10, 11, and 12: Gross profitability, SUE, and return on asset. Novy-Marx (2013) 

show that gross profitability is a positive predictor for the cross-section of stock returns. Bernard 

and Thomas (1989) show that stocks with high standardized unexpected earnings (SUE) 

outperform stocks with low SUE. Chen, Novy-Marx, and Zhang (2010) and Balakrishnan, Bartov, 

and Faurel (2010) find that firms with higher return on assets (ROA) earn significantly higher 

subsequent returns. 

Anomaly 13, 14, and 15: Accrual, ∆NOA, and inventory changes. Sloan (1996) shows that 

firms with high accruals earn significantly lower future returns than firms with low accruals. Sloan 

interprets this evidence as suggesting that investors overestimate the persistence of the accrual 

component of earnings. Fairfield, Whisenant, and Yohn (2003) show that the accrual effect is 

broadly a growth in net operating assets (NOA) effect. Firms with high growth in NOA 

significantly underperform firms with low growth in NOA. Thomas and Zhang (2002) find that 

the negative relation between accruals and future returns is due mainly to inventory changes. 

Anomaly 16, 17, and 18: Composite stock issuance, net stock issuance, and debt issuance. 

Daniel and Titman (2006) show that composite stock issuance is a significant negative predictor 

of the cross-section of stock returns. Fama and French (2008) find a similar result using net stock 

issuance constructed from Compustat data. Richardson, Sloan, Soliman, and Tuna (2005) and 

Cooper, Gulen, and Schill (2008) show that debt issuance (i.e., changes in debt) is negatively 

related to future stock returns. 

Anomaly 19: NOA. Hirshleifer et al. (2004) show that the ratio of net operating assets scaled 

by lagged total assets is a strong negative predictor for the cross-section of stock returns. They 

argue that investors with limited attention tend to overvalue firms whose accounting value added 

exceeds the cash value added.  
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Anomaly 20: Financial distress. Campbell, Hilscher, and Szilagyi (2008) find that firms 

with high failure probability have lower subsequent returns. This finding represents a significant 

challenge to standard models of rational asset pricing, which predict that distressed firms are more 

risky and therefore should offer higher expected returns. 

 

3.3. Motivations for the Choice of the Above 20 Anomalies 

Prior literature has documented numerous cross-sectional predictors for stock returns. For 

example, McLean and Pontiff (2013) examine 82 anomalies. Harvey, Liu, and Zhu (2014) list 202 

firm-specific predictors for the cross-section of stock returns. Our choice of the above 20 

anomalies is motivated by the following considerations. First, we focus on well-documented 

anomalies that have attracted a lot of attention in the literature (e.g., Fama and French (1996, 

2008)). Second, we limit our sample to anomaly variables that are constructed from CRSP and 

COMPUSTAT databases. CRSP and COMPUSTAT are among the most widely used databases in 

the finance literature and they cover long sample periods. Anomalies derived from these data 

sources are likely to have been extensively tested. Third, we require that an anomaly have 

statistically significant long-short hedge returns during our sample period. Fourth, because we 

examine the impact of idiosyncratic volatility on anomalies we do not consider the idiosyncratic 

volatility anomaly documented in Ang et al. (2006). Finally, we want the number of anomalies to 

be manageable so that we can present the results for each anomaly separately. Overall, our list of 

anomalies is broadly similar to those examined in the recent literature (e.g., Stambaugh, Yu, and 

Yuan (2012), Kogan and Tian (2013), and Novy-Marx (2014)). 
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3.4. Long-short strategies 

We sort all sample stocks into quintiles based on each anomaly variable and construct 

equal-weighted as well as value-weighted portfolios. We examine the strategy that goes long on 

stocks in the top quintile and short those stocks in the bottom quintile, where the top (bottom) 

quintile includes the stocks that are expected to outperform (underperform) based on prior 

literature. Taking the momentum anomaly as an example, we sort past winners into the top quintile 

and past losers into the bottom quintile. In contrast, for the asset growth anomaly, we sort low-

asset growth stocks into the top quintile and high-asset growth stocks into the bottom quintile 

because prior studies (Cooper, Gulen, and Schill (2008)) have shown that low-asset growth firms 

earn significantly higher returns than high-asset growth firms. We form quintile rather than decile 

portfolios in our analysis of the cross-sectional impact of idiosyncratic volatility because we need 

to perform double sorts on idiosyncratic volatility and each of the anomaly variable.5 We examine 

both equal-weighted returns and value-weighted returns to demonstrate robustness and to mitigate 

concerns associated with each weighting scheme.  

We follow the prior literature in forming portfolios and determining the rebalancing 

frequency and holding period. Specifically, for anomalies 1-3, 8-10, and 13-19 (i.e. anomalies 

constructed using annual Compustat data), we form portfolios as of the end of each June in year t 

by using accounting data from the fiscal year ending in calendar year t-1 and compute returns from 

July in year t to June in year t+1. For anomalies 11-12 and 20 (i.e., anomalies constructed using 

quarterly Compustat data), we form portfolios at the end of each quarter t by using accounting data 

from the fiscal quarter ending in calendar quarter t-1 and compute returns over the calendar quarter 

t+1. To ensure that the quarterly accounting data are publicly available before the portfolio 

                                                 
5 In comparison, we form decile portfolios on anomaly variables in our time-series analysis in Section 4.3. 
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formation date, we also require that the quarterly earnings announcement date fall in calendar 

quarter t-1 or t. Finally, for anomalies 4-7 (i.e, anomalies constructed using monthly CRSP data) 

we form portfolios every month and hold the portfolio for one month. 

In addition to the long-short strategy associated with each of the 20 anomalies, we also 

construct a composite strategy that combines information from all 20 anomalies. We proceed as 

follows. We first sort all sample stocks into decile portfolios according to each of the 20 anomaly 

variables, with decile 10 (decile 1) containing stocks that are expected to perform the best (worst) 

according to the prior literature. For each stock in each month, we then compute a composite score 

as the average decile rank across all anomaly variables.6 Finally, we treat the composite score as a 

new anomaly variable and construct a long-short strategy where we take long positions in stocks 

with the highest composite score and take short positions in stocks with the lowest composite 

score. 

 

3.5. Risk-adjusted Returns 

We estimate CAPM 1-factor alpha, Fama-French 3-factor alpha, and Carhart 4-factor alpha 

by running the following time-series regressions.  

, ,       (1) 

, ,     (2) 

, ,     (3) 

Where ri,t is the long-short hedge return for anomaly i in month t. MKT, SMB, HML, and UMD 

are market, size, value, and momentum factors (Fama and French (1996) and Carhart (1997)). 

                                                 
6 We omit missing decile ranks from the calculation. That is, if the decile rank is missing for one of the 20 anomalies, 
we compute the composite score as the average decile rank across the other 19 anomalies.  
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3.6. Estimating Idiosyncratic Volatility 

Each month we estimate a firm’s idiosyncratic volatility by regressing daily stock returns 

on market returns and lagged market returns over the past 12 months.  

, , , , , ,     (4) 

We include lagged market returns to account for the effects of non-synchronous trading (Dimson 

(1979)). We require a minimum of 100 daily observations. We define idiosyncratic volatility as 

the standard deviation of the regression residual.7  

We follow Campbell et al. (2001) and define aggregate idiosyncratic volatility as the value-

weighted average idiosyncratic volatility across all firms. Figure 1 plots the aggregate idiosyncratic 

volatility over the period 1931-2012. We note that there is substantial time-series variation in the 

aggregate idiosyncratic volatility, ranging from 13% to over 50% on an annual basis. If we focus 

on the period from early 1960s to late 1990s, there appears to be an upward trend in aggregate 

idiosyncratic volatility. This observation is consistent with the finding of Campbell et al. (2001). 

However, if we examine the entire sample period 1931-2012, we do not find any trend in aggregate 

idiosyncratic volatility. 

 

4. Empirical Results 

4.1. Anomaly Returns 

 We start by investigating whether the anomalies that we examine exhibit significant long-

short hedge returns during our sample period. Table 1 reports the time-series average of hedge 

                                                 
7 Our results are robust to alternative definitions of idiosyncratic volatility. For example, our results are similar if we 
include the SMB and HML factors or exclude lagged market excess returns in regression equation (4). 
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returns for our 20 anomalies (Panel A for equal-weighted returns and Panel B for value-weighted 

returns).8 In each panel, we first report raw returns and then 1-, 3-, and 4-factor alphas.  

Consistent with prior literature, we find strong evidence that each of the 20 anomalies 

exhibits a significant long-short hedge return. Focusing on equal-weighted returns reported in 

Panel A, we find that raw hedge return ranges from 0.42% to 1.64% per month and is statistically 

significant at the 1 percent level for each anomaly. For example, the asset growth anomaly has an 

equal-weighted hedge return of 0.89% per month (t-stat=8.48).  

The average hedge return across all anomalies is 0.83% per month (z-stat=5.24). We note 

that because anomaly returns are correlated with each other (during our sample period, the average 

correlation coefficient among our 20 anomalies is 0.18 for equal-weighted returns and 0.15 for 

value-weighted returns.), the standard t-statistic associated with the average anomaly return will 

likely overstate its statistical significance. We take this correlation into account and construct the 

following z-statistic instead: 

     ~ 0,1                   (5) 

Where  is the average anomaly return,  is the standard deviation of anomaly returns,  is the 

average correlation among anomaly returns, and  is the number of anomalies, i.e., 20.9 At the 

level of the average correlation among our 20 anomalies, the z-statistic in equation (5) is 

approximately half of the magnitude of the standard t-statistic that assumes independence across 

                                                 
8 In this paper we use anomaly return and hedge return interchangeably, both referring to the return of the long-short 
portfolios described in Section 3.4. 
 
9 In deriving the z-test, we make several simplifying assumptions, i.e., anomaly returns are drawn from the same 
normal distribution and the correlations among anomaly returns are constant. Detailed derivation for this z-test is 
available upon request. 
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anomalies. In addition to the average anomaly, we also examine the composite anomaly. We find 

that the long-short hedge return for the composite strategy is 1.59% per month (t-stat=13.67). The 

large magnitude of this return is to be expected because the composite strategy combines 

information from all 20 anomalies. 

Panel A also reports the 1-, 3-, and 4-factor alphas for the hedge returns. We find that all 

of the risk-adjusted hedge returns are positive and nearly all of them are statistically significant. 

Not surprisingly, the size effect loses its significance when we look at the Fama-French 3-factor 

alpha and the long-run reversal effect becomes insignificant under 3- or 4-factor models. The latter 

result is consistent with Fama and French (1996), who show that the long-run reversal is subsumed 

by their 3-factor model. Interestingly, the book-to-market effect and the momentum effect retain 

their significance even when we use the Fama and French 3-factor model and Carhart 4-factor 

model, respectively. These results arise because the HML and UMD factors are constructed on a 

value-weighted basis while the hedge returns reported in Panel A are computed on an equal-

weighted basis. 

Moving to the value-weighted results in Panel B, we find that the anomaly returns, ranging 

from 0.29% per month to 0.92% per month, are generally lower than those in Panel A. 

Nevertheless, all anomaly returns are statistically significant at the 5 percent level or better. For 

example, the value-weighted hedge return for the asset growth anomaly is 0.50% per month (t-

stat=3.83), which is lower than the equal-weighted hedge return of 0.89% reported in Panel A. The 

average hedge return across all anomalies is 0.52% (z-stat=6.84). In addition, the long-short hedge 

return to the composite strategy is 0.97% (t-stat=7.37). The 1-, 3-, and 4-factor alphas present a 

similar picture. The vast majority of them continue to be positive and statistically significant. 

Those that lose their significance are generally to be expected, e.g., the size effect under 3- and 4-
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factor models and the momentum effect under the 4-factor model. Overall, we confirm the results 

from the previous literature that the anomalies we examine exhibit significant long-short returns 

during our sample period and that this finding is robust to risk-adjustment and different weighting 

schemes. 

 

4.2. IVOL and Anomalies – Cross-section Effect 

To test the hypothesis that anomalies are more pronounced among stocks with higher 

idiosyncratic volatility, we perform double sorts. We sort all sample stocks independently into 

quintiles based on idiosyncratic volatility and each of the anomaly variables. We compute equal-

weighted and value-weighted returns for each of the 5×5 portfolios. Within each idiosyncratic 

volatility quintile, we examine the strategy that goes long on stocks in the top quintile of the 

anomaly variable and short those stocks in the bottom quintile of the anomaly variable. 

4.2.1. Raw Returns 

Table 2 presents the raw anomaly return for each IVOL quintile as well as the difference 

in anomaly returns between high- and low-IVOL quintiles. In Panel A, which reports equal-

weighted results, we find that hedge returns are generally increasing in IVOL quintiles. For 

example, the hedge return to the asset growth anomaly increases monotonically from 0.16% (t-

stat=1.81) per month for low-IVOL quintile to 1.31% (t-stat=9.24) per month for the high-IVOL 

quintile. More importantly, the difference in anomaly returns between high- and low-IVOL stocks 

is positive and statistically significant in 19 out of 20 anomalies. The only exception is the 

momentum anomaly, for which we find essentially no difference between high- and low-IVOL 

quintiles. This result is consistent with McLean (2010), who also finds that momentum effect is 

unrelated to idiosyncratic risk; however, we show in Panel B that when we use value-weighted 
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returns we find significant evidence that high-IVOL stocks exhibit stronger momentum profits 

than low-IVOL stocks.  

When averaged across all anomalies, the hedge return is 1.22% (z-stat=4.91) for the high-

IVOL quintile and only 0.37% (z-stat=2.41) for the low-IVOL quintile. The difference of 0.85% 

(z-stat=4.72) is economically and statistically significant. The composite strategy exhibits even 

stronger results. The hedge return for the composite strategy is 2.66% (t-stat=18.06) for the high-

IVOL quintile and just 0.67% (t-stat=7.71) for the low-IVOL quintile. The difference of 1.99% (t-

stat=13.49) is highly economically and statistically significant. 

The value-weighted results reported in Panel B are qualitatively similar to those in Panel 

A. We find that hedge returns are significantly positive for high-IVOL stocks across nearly all 

anomalies. In contrast, more than half of anomalies exhibit insignificant hedge returns for low-

IVOL stocks. For example, the asset growth anomaly exhibits a significant hedge return of 1.03% 

(t-stat=4.96) for the high-IVOL quintile and an insignificant return of 0.10% (t-stat=0.63) for the 

low-IVOL quintile. The difference in hedge returns between high- and low-IVOL quintiles is 

positive for all 20 anomalies and is statistically significant in 17 out of 20 anomalies. The average 

effect is also highly significant. The average hedge return across all anomalies is 1.03% (z-

stat=6.04) for high-IVOL quintile and only 0.25% (z-stat=2.47) for the low-IVOL quintile. The 

difference of 0.78% (z-stat=5.61) is economically and statistically significant. The composite 

strategy continues to show the strongest results. The high- and low-IVOL quintiles have hedge 

returns of 2.12% (t-stat=9.17) and 0.57% (t-stat=4.41), respectively. The difference of 1.55% (t-

stat=6.35) is highly significant. 

Thus, in Table 2 we find significant evidence that anomaly returns are higher among high-

IVOL stocks than among low-IVOL stocks. This finding  is consistent with Hypothesis 1 and with 
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a number of previous studies that have documented a significant cross-sectional impact of 

idiosyncratic risk on the book-to-market anomaly (Ali, Hwang, and Tromley (2003)), the post-

earnings announcement drift (Mendenhall (2004)), the investment-to-asset anomaly and the NOA 

anomaly (Li and Zhang (2010)), and the asset growth anomaly (Lam and Wei (2011) and Lipson, 

Mortal, and Schill (2011)). 

4.2.2. Risk-adjusted Returns 

To investigate if the finding in Table 2 is robust to risk-adjustment, we examine 1-, 3-, and 

4-factor alphas in Table 3. Due to space constraints, we only report the difference in alphas 

between high- and low-IVOL quintiles and do not report alphas for each individual IVOL quintile. 

The results are qualitatively similar to those in Table 2. We find evidence that risk-adjusted 

hedge returns are significantly higher among high-IVOL stocks than among low-IVOL stocks. The 

difference in risk-adjusted hedge returns between high- and low-IVOL quintiles is positive in all 

but one case (i.e., equal-weighted momentum returns), and is statistically significant in 14-17 out 

of 20 anomalies, depending on the particular risk-adjustment model. The average effect is again 

highly significant. The difference in the average alphas ranges from 0.58% (z-stat=3.75) for the 

value-weighted 4-factor alpha to 0.85% (z-stat=4.58) for the equal-weighted 1-factor alpha. As in 

Table 2, the composite strategy exhibits the strongest results. The difference in hedge returns 

between high- and low-IVOL quintiles range from 1.37% (t-stat=5.38) to 1.99% (t-stat=13.39) 

across six different specifications. 

Overall, we find significant evidence that anomalies are more pronounced for high-IVOL 

stocks than for low-IVOL stocks. This finding holds for almost all the anomalies that we examine 

and is robust to alternative weighting schemes and various risk adjustments. This finding supports 

the limits-to-arbitrage theory. 
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4.2.3. Long-short Asymmetry 

Because short positions are more costly to initiate and maintain than long positions, 

overpricing is likely to be more difficult to arbitrage away than underpricing (Stambaugh, Yu, and 

Yuan (2012)). As such, we hypothesize that the impact of idiosyncratic volatility on anomaly 

returns documented in Tables 2 and 3 is primarily attributable to short positions. To test this 

hypothesis, we decompose the difference in hedge return between high-IVOL stocks and low-

IVOL stocks into two components. The first is the difference in the long-leg return between high-

IVOL and low-IVOL stocks. The second is the difference in the short-leg return between low-

IVOL and high-IVOL stocks. Both components contribute to the total IVOL effect. That is, among 

underpriced stocks, we expect high-IVOL stocks to be more underpriced and therefore earn higher 

subsequent returns than low-IVOL stocks. Among overpriced stocks, we expect high-IVOL stocks 

to be more overpriced and therefore earn lower subsequent returns (Cao and Han (2013)). Note 

that we compute the difference in the short leg return between low- and high-IVOL quintiles so 

that this difference is expected to be positive.  

Table 4 presents the results. In each panel, we first report the difference in anomaly returns 

between high- and low-IVOL quintiles, then the difference in short leg returns between low- and 

high-IVOL quintiles, and finally the percentage of the difference in hedge returns between high- 

and low-IVOL quintiles that is attributable to short positions. Results in Panel A (based on raw 

returns) indicate that the contribution of short position is positive across all anomalies. That is, the 

short leg earns lower returns among high-IVOL stocks than among low-IVOL stocks. This result 

is consistent with the limits-to-arbitrage theory. Taking the asset growth anomaly as an example, 

we find the difference in equal-weighted hedge returns between high- and low-IVOL quintiles is 

1.15%, 0.67% of which (or 58%) is due to the short leg. For value-weighted returns, the difference 
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between high- and low-IVOL quintiles is 0.93%, 0.92% of which (or 99%) is attributable to the 

short leg. 

When averaged across anomalies, the equal-weighted return difference between high- and 

low-IVOL quintiles is 0.85%, 0.43% of which is attributable to the short leg. The corresponding 

numbers for value-weighed returns are 0.78% and 0.77%. We note that the extent of the 

contribution of short positions depends on whether we examine equal- or value-weighted returns. 

While the short position contributes to 51% of the difference in anomaly returns when using equal-

weighted returns, it contributes to 98% of the return difference when using value-weighted returns. 

The results for the composite strategy are consistent with an even stronger short position 

contribution. The difference in equal-weighted returns between high- and low-IVOL quintiles is 

1.99%, 1.54% of which is attributed to short positions. That is, the short leg accounts for 77% of 

the difference. The difference in value-weighted returns between high- and low-IVOL quintiles is 

1.55%. The contribution of short positions (i.e., 1.66%) is actually over 100%. 

Next, we turn to the results for risk-adjusted returns in Panel B (equal-weighted) and Panel 

C (value-weighted). Compared to Panel A, Panels B and C exhibit stronger evidence that the cross-

sectional impact of IVOL is primarily driven by short positions.10 In Panel B, for example, the 

average difference in 1-, 3-, and 4-factor alphas between high- and low-IVOL quintiles is 0.85%, 

0.76%, and 0.68%, respectively. The corresponding differences in short-leg alphas are 0.74%, 

0.77%, and 0.51%. That is, the short leg contributes to 87%, 101%, and 75% of the differences in 

anomaly returns. Examining the composite strategy, we find the contribution of the short leg to be 

94%, 99%, and 93%, respectively. These findings are consistent with our hypothesis that short-

sale constraints intensify the impact of idiosyncratic risk. 

                                                 
10 Israel and Moskowitz (2013) also find that the contribution of short positions to anomaly returns is more evident in 
risk-adjusted returns than in raw returns. 
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In Panel C, which presents risk-adjusted returns for value-weighted portfolios, we find that 

the contribution of the short leg is over 100% across nearly all anomalies. This result implies that 

the relation between idiosyncratic volatility and the return to the long leg is actually negative, 

consistent with the finding of Brav, Heaton, and Li (2010). Taken at the face value, this finding is 

inconsistent with the prediction of the limits-to-arbitrage argument. However, we caution against 

such an interpretation. We note that this finding arises primarily in value-weighted portfolios. Not 

coincidently, Brav, Heaton, and Li (2010) also use value-weighted returns. We argue that the 

value-weighted result is likely to be biased because, in the presence of mispricing, overvalued 

stocks tend to receive greater weights in value-weighted portfolios, thereby overstating the 

profitability of short positions. Similarly, undervalued stocks tend to receive smaller weights in 

value-weighted portfolios, thereby understating the profitability of long positions. The 

combination of these two effects causes the contribution of short positions to be overstated and the 

contribution of the long position to be understated. To the extent that the above-mentioned bias is 

greater for high-IVOL stocks than for low-IVOL stocks, it will also cause the IVOL effect to be 

overstated for short positions and understated for long positions. 

 

4.3. Aggregate IVOL and Anomalies – Time-Series Effect 

4.3.1. Portfolio Approach 

Having examined the cross-sectional effect of idiosyncratic risk in the previous section, we 

next move to the time-series effect of idiosyncratic risk. To test our hypothesis that anomaly returns 

are higher following periods of high aggregate idiosyncratic volatility, we first use a portfolio 

approach. For each anomaly, we divide its sample period evenly into two sub-periods based on 

past 12-month aggregate idiosyncratic volatility and then compare the average anomaly returns 
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between high- and low-aggregate idiosyncratic volatility periods. To compute anomaly return in 

each period, we sort sample stocks into deciles based on each anomaly variable and then form a 

long-short portfolio by using the two extreme decile portfolios.11   

Table 5 reports the results. Focusing on equal-weighted returns reported in the first three 

columns, we find that anomaly returns are positive and significant in both high- and low-aggregate 

idiosyncratic volatility periods. For example, the long-short hedge return to the asset growth 

anomaly is 1.74% (t-stat=7.71) following high-aggregate IVOL periods and 0.58% (t-stat=3.84) 

following low-aggregate IVOL periods. More importantly, we find significant evidence that the 

anomaly return is higher following high-aggregate IVOL period than following low-aggregate 

IVOL period. This difference is statistically significant for 12 out of 20 anomalies (e.g., 1.15%, t-

stat=4.25, for the asset growth anomaly). The average long-short return across all anomalies 

reveals the same pattern: 1.35% (z-stat=5.49) following high-aggregate IVOL periods and 0.83% 

(z-stat=3.30) following low-aggregate IVOL periods. The corresponding numbers for the 

composite strategy are 2.60% (t-stat=10.76) and 1.52% (t-stat=10.66). The difference in anomaly 

returns between high- and low-aggregate IVOL periods is marginally significant for the average 

anomaly (0.52%, z-stat=1.81) and highly significant for the composite anomaly (1.08%, t-

stat=3.86).  

Value-weighted returns exhibit qualitatively similar results, although the magnitudes are 

lower. Taking the asset growth anomaly as an example, we find that the value-weighted hedge 

return is 1.33% (t-stat=5.04) following high-aggregate IVOL periods and is only 0.18% (t-

stat=0.97) following low-aggregate IVOL periods. The difference of 1.15% is highly statistically 

significant. We find similar results when averaging across all anomalies. The average value-

                                                 
11 We form decile portfolios instead of quintile portfolios to increase the power of our test.  
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weighted anomaly return is 0.97% (z-stat=3.87) following high-aggregate IVOL periods and is 

0.55% (z-stat=2.65) following low-aggregate IVOL periods. The difference of 0.42% is 

statistically significant at the 5 percent level. The results for the composite strategy are 

qualitatively similar. These findings are consistent with the hypothesis that anomalies are more 

pronounced following periods of high aggregate idiosyncratic volatility. 

In Table 6, we examine whether the results in Table 5 are robust to risk-adjustment. For 

brevity, we only report differences in 1-, 3-, and 4-factor alphas between high- and low-aggregate 

IVOL periods. We continue to find evidence that anomaly returns are higher following periods of 

high-aggregate idiosyncratic volatility. For example, for the asset growth anomaly, we find that 

the differences in equal- and value-weighted 1-, 3-, and 4-factor alphas between high- and low-

aggregate IVOL periods range from 0.9% to 1.19%, and each of these differences is statistically 

significant at the 1 percent level. The average effect is also significant. Looking at equal-weighted 

returns, we find that the differences in 1-, 3-, and 4-factor alphas between high- and low-aggregate 

IVOL periods are 0.55% (z-stat=1.78), 0.50% (z-stat=2.37), and 0.57% (z-stat=2.86), respectively. 

The corresponding numbers for the value-weighted returns are 0.44% (z-stat=1.83), 0.41% (z-

stat=3.01), and 0.49% (z-stat=3.97), respectively. 

4.3.2. Regression Approach 

In this section, we test the prediction that anomaly returns are positively related to lagged 

aggregate IVOL by using a regression approach. In addition to lagged 12-month average aggregate 

IVOL, we also include Fama-French three factors, the momentum factor, and several well-known 

market-wide limits-to-arbitrage or funding condition variables as regressors. 

, ,

																																																										 , ,              (6) 
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Control variables include investor sentiment, three-month LIBOR rate, TED spread, VIX, three-

month T-bill rate, credit spread, market volatility, and aggregate Amihud’s illiquidity.12  We 

include these variables to test whether the time-series impact of aggregate IVOL is incremental to 

the other market-wide constraint variables studied in the literature (e.g., Stambaugh, Yu, and Yuan 

(2012) and Akbas et al. (2013)).  

We first present the summary statistics for the aggregate IVOL and control variables in 

Table 7. We find the average aggregate IVOL is approximately 1.4% per day.13 The average 

investor sentiment measure is zero, while the average VIX is 21.33% per year. As expected, the 

average TED spread and credit spread are both positive. Panel B present the correlations among 

aggregate IVOL and control variables. Interestingly, we find that aggregate IVOL is significantly 

positively correlated with all control variables, suggesting that all of these variables capture some 

dimensions of market-wide limits of arbitrage or funding conditions. We note that the sample 

periods for our control variables vary considerably. In particular, the investor sentiment data are 

only available for the period 1965-2010, while LIBOR, TED, and VIX data are only available for 

the period 1986-2012. For this reason, we estimate several different variants of regression equation 

(6) in Table 8.  

We start by estimating the model without any control variables. As before, we perform the 

analysis separately for each anomaly. Because the lagged aggregate IVOL is calculated over past 

12 months, we compute t-statistics based on Newey-West standard errors with 12 lags. In addition, 

we also estimate the regression by pooling all anomalies. To account for possible correlations 

                                                 
12 The TED spread is the difference between three-month LIBOR rate and three-month T-bill rate. The credit spread 
is the difference in corporate bond yield between Baa- and Aaa-rated bonds. We follow French, Schwert, and 
Stambaugh (1987) and compute market volatility as the sum of daily squared market returns. We calculate Amihud’s 
illiquidity measure by following equation (1) in Amihud (2002). We obtain 3-month T-bill rate, three-month LIBOR 
rate, and Aaa and Baa bond yields from the Federal Reserve Bank of St. Louis’ website. We obtain investor sentiment 
data from Jeff Wurgler’s website. We obtain VIX data from CBOE. 
13 Recall that we estimate IVOL as the standard deviation of daily return residuals. 
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across anomalies and time, we compute t-statistics based on two-way clustered standard errors. 

Due to space constraints, we report only the coefficient (and the associated t-statistics) on lagged 

aggregate idiosyncratic volatility.  

The results in Panel A reveal that anomaly returns are positively related to lagged aggregate 

IVOL. Taking the asset growth anomaly as an example, we find the coefficients on lagged 

aggregate IVOL range from 1.41 to 2.02, with t-statistics ranging from 2.4 to 5.28. Overall, we 

find that the coefficient on lagged aggregate IVOL is positive and statistically significant in 7-12 

out of 20 anomalies, depending on the particular factor model and whether we use equal-weighted 

or value-weighted returns. The coefficient on lagged aggregate IVOL in the pooled regression is 

positive and statistically significant regardless of the risk-adjustment model or weighting scheme. 

The results for the composite strategy are also in favor of the presence of a positive relation 

between anomaly returns and lagged aggregate IVOL, primarily for equal-weighted returns.  

In Panel B we estimate four variants of regression (6), each with a different set of control 

variables. We begin with a regression model that controls for investor sentiment only. We then 

estimate a regression model that controls for LIBOR, TED, VIX, ILLIQ, and sentiment. The 

sample periods for these two models are relatively short because of data availability. To mitigate 

this limitation, we substitute T-bill rate, credit spread, and market volatility for LIBOR, TED, and 

VIX in the third model.14 In Table 7 we find that the pairwise correlations between these two sets 

of variables are high. The last model builds on the third model, while allowing market beta to be 

time-varying as a function of lagged aggregate IVOL.  

Due to space constraints, for each of four models described above we only report the results 

for the pooled regression and the composite anomaly. The results in Panel B continue to suggest a 

                                                 
14 We test for multi-collinearity and find that the variance inflation factor (VIF) generally ranges between 2 and 3, far 
below 10. Thus, multi-collinearity is not a serious problem for our coefficient estimates.   
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positive relation between lagged aggregate IVOL and anomaly returns. The results are somewhat 

weaker (with 7-8 out of 12 coefficients significant at the 10 percent level or better) in the first two 

models, where the sample period is shorter; but much stronger (with 10 out of 12 coefficients 

significant at the 5 percent level or better) in the last two models.  Overall, our regression results 

confirm the positive time-series relation between anomaly returns and lagged aggregate 

idiosyncratic volatility. 

The above findings have implications for the commonality of market anomalies. Several 

studies document that anomalies have common components (e.g., Haugen and Baker (1996) and 

Avramov et al. (2013)). In his review article, Subrahmanyam (2010) advocates for a better 

understanding of the correlation structure among anomalies. Conceptually, such commonality 

could arise from common risk factors or common behavioral factors. While most studies 

emphasize the role of common risk factors, our analysis identifies market-wide limits-to-arbitrage 

measures such as aggregate idiosyncratic volatility as a potential source of commonality among 

anomalies. 

4.3.3. Long-Short Asymmetry 

Next, we test the extent to which the positive relation between anomaly returns and lagged 

aggregate idiosyncratic volatility is driven by the short leg. As in Tables 5 and 6, we divide the 

sample period for each anomaly into two equal-length periods based on past 12-month aggregate 

idiosyncratic volatility. We then compute and compare the returns between these two periods for 

short and long legs separately. 

Panel A of Table 9 presents the equal-weighted results. On average, we find that both the 

long leg and the short leg contribute to the difference in anomaly returns between high- and low-

aggregate IVOL periods. The average 1-, 3-, and 4-factor alpha differences for the short leg are 
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0.25%, 0.32%, and 0.39%, respectively. The corresponding differences for the long leg are 0.30%, 

0.18%, and 0.17%. The contribution of the short leg is greater than the long leg when we examine 

3- or 4-factor alphas. The composite strategy provides much stronger support for the hypothesis 

that the time-series effect of IVOL is driven primarily by the short leg. The difference in 1-, 3-, 

and 4-factor alphas for the short leg is 0.96% (t-stat=4.44), 0.89% (t-stat=4.65), and 1.00% (t-

stat=6.29), respectively. All three differences are highly economically and statistically significant. 

In contrast, the differences in the long leg are merely 0.18% (t-stat=1.18), 0.07% (t-stat=0.54), and 

0.10% (t-stat=0.78), none of which is statistically significant. 

The value-weighted results reported in Panel B paint a similar picture. We find that both 

the long leg and the short leg contribute to the difference in anomaly returns between high- and 

low-aggregate IVOL periods. The average 1-, 3-, and 4-factor alpha difference for the short leg is 

0.24% (z-stat=1.30), 0.33% (z-stat=2.60), and 0.40% (z-stat=3.22), respectively. The 

corresponding differences for the long leg are 0.20% (z-stat=1.70), 0.09% (z-stat=1.04), and 0.07% 

(z-stat=0.94). The contribution of the short leg is greater than the long leg, especially when we 

examine 3- or 4-factor alphas. The composite strategy provides a bigger contrast between the short 

leg and the long leg. The difference in 1-, 3-, and 4-factor alphas for the short leg between high- 

and low-aggregate IVOL periods is 0.56% (t-stat=2.47), 0.48% (t-stat=2.46), and 0.57% (t-

stat=3.25), respectively. In contrast, the differences in the long leg are close to zero or even 

negative. 

4.3.4. Cross Anomaly Analysis 

Although the time-series relation between anomaly returns and lagged aggregate IVOL is 

positive and significant on average, there is large variation in the strength of this relation across 
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anomalies.15 For example, we show in Tables 5 and 6 that the difference in anomaly returns 

between high- and low-aggregate IVOL periods is positive and statistically significant in 8-15 out 

of 20 anomalies. However, this difference is negative, albeit insignificant, in several anomalies 

(i.e., SUE, ROA, momentum, and financial distress). To explore which anomalies tend to have a 

stronger aggregate IVOL effect, we perform a cross-anomaly analysis. We consider two 

explanatory variables. The first variable (IVOL_rank) is the extent to which the long-short 

portfolios associated with each anomaly are populated with high-IVOL stocks. We construct this 

variable by first assigning each stock into IVOL deciles and then compute the average IVOL decile 

rank across all stocks in the extreme portfolios sorted by the anomaly variable. The second 

explanatory variable (Horizon) is the average investment horizon for stocks in the long-short 

portfolios. We construct this variable by first estimating the turnover rate of stocks in the long-

short portfolios and then use the inverse of the turnover rate as a proxy for investment horizon.16 

We expect the aggregate IVOL effect to be positively related to both variables. In 

particular, we hypothesize that those anomalies whose long-short portfolios are populated with 

high-IVOL stocks face more capital constraints and that the arbitrage capital they receive will be 

more sensitive to variations in aggregate IVOL. As a result, the difference in hedge returns between 

high- and low-aggregate IVOL periods will be relatively large for these anomalies. In contrast, 

anomalies whose long-short portfolios consist of mainly low-IVOL stocks are less constrained in 

terms of the arbitrage capital they receive and will exhibit a smaller difference between high- and 

low-aggregate IVOL periods. Similarly, we expect anomalies with longer holding periods will be 

                                                 
15 Comparing Table 5 with Table 2, we find that the time-series effect of IVOL is not as strong or uniform as the cross-
section effect of IVOL. The stronger results for the cross-section effect is not surprising. In particular, the cross-
sectional test is based on a sample of thousands of stocks, whereas the time-series test is based on a single time-series 
of aggregate idiosyncratic volatility. 
16 For both of these variables, we first compute the cross-sectional average for each time period and then calculate the 
time-series average.  
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more sensitive to variations in aggregate IVOL because idiosyncratic volatility is a holding cost 

(Pontiff (2006)). Intuitively, arbitrageurs will be more concerned about idiosyncratic risk, and 

therefore commit less arbitrage capital if the expected holding period is longer.  

The dependent variable in our regression is the difference in anomaly returns or alphas 

between high- and low-aggregate IVOL periods as reported in Tables 5 and 6. Table 10 reports 

the results. Consistent with our expectation, we find that the coefficients on IVOL_rank and 

Horizon are positive across all regression specifications. Despite the fact that there are only 20 

observations in each regression, we find evidence that these coefficients are significantly positive. 

Specifically, 6 out of 8 coefficients on IVOL_rank and 5 out of 8 coefficents on Horizon are 

statistically significant at the 10 percent level or better. Our results are consistent with the idea that 

anomalies whose long-short portfolios are more concentrated with high-IVOL stocks, and 

anomalies that have longer investment horizons tend to exhibit greater aggregate IVOL effect. 

 

5. Conclusions 

Theories of limited arbitrage (Shleifer and Vishny (1997) and Pontiff (2006)) predict that, 

in cross section, anomalies should be stronger among stocks with higher idiosyncratic volatility, 

and that in time series, anomalies should be more pronounced following periods of high aggregate 

idiosyncratic volatility. In this paper we examine the above cross-section and time-series effects 

of idiosyncratic risk on a broad set of anomalies. 

We find strong evidence that anomalies are more pronounced among high-IVOL stocks. 

The long-short hedge portfolio returns are significantly greater for high-IVOL stocks than for low-

IVOL stocks in nearly all anomalies we examine. This finding is robust to risk-adjustment and 

different weighting schemes. Furthermore, it holds for the average anomaly and a composite 
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anomaly that exploits information from all 20 anomalies. In addition, we show that the difference 

in anomaly returns between high- and low-IVOL stocks are driven primarily by short positions, 

suggesting that short-sale constraints intensify the impact of idiosyncratic risk.  

More importantly, we provide the first systematic analysis of the time-series effect of 

idiosyncratic risk and find significant evidence that anomalies are stronger following periods of 

high aggregate idiosyncratic volatility. Similar to cross-section effect of idiosyncratic risk, we 

show that the positive time-series relation between anomaly returns and lagged aggregate 

idiosyncratic volatility is more pronounced for short positions.  

Overall, our results indicate that idiosyncratic risk and short-sale constraints are important 

impediments to arbitrage, and that they impact the cross-section of stock returns. Our findings, 

particularly the time-series results, provide new evidence in support of the limits-to-arbitrage 

theory. They are consistent with the prediction that anomalies are strongest when the limits to 

arbitrage are greatest. Our results provide support for mispricing-based explanations for anomalies.  
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Appendix: Definitions of Anomaly Variables  

The data are from the Center for Research in Security Prices (CRSP) and Compustat. The anomaly 

variables are constructed as follows: 

AG: Asset growth, percentage change in total sales (Compustat data AT) from year t-2 

to year t-1. 

IA: Investment to asset, annual change in gross property, plant, and equipment 

(Compustat data PPEGT) plus the annual change in inventories (INVT) from year 

t-2 to year t-1 divided by total assets (AT) in year t-1. 

IG: Investment growth, percentage change in capital expenditure (Compustat data 

CAPX) from year t-2 to year t-1. 

Size: Market capitalization, share price times shares outstanding, from CRSP 

Rt-1: Short-term reversal, past 1-month stock return, from CRSP 

Rt-12,t-1: Momentum, past 1-year return skipping the most recent month, from CRSP 

Rt-60,t-13: Long-run reversal, past 5-year return skipping the most recent year, from CRSP 

B/M: Book-to-market ratio, book equity is total assets (Compustat data AT) for year t-

1, minus liabilities (LT), plus balance sheet deferred taxes and investment tax 

credit (TXDITC) if available, minus preferred stock liquidating value (PSTKL) if 

available, or redemption value (PSTKRV) if available, or carry value (PSTK). 

Market equity is price times shares outstanding at the end of December of t-1, 

from CRSP. 

SG: Sales growth, percentage change in total sales (Compustat data SALE) from year 

t-2 to year t-1. 
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GP: Gross profitability, total revenue (Compustat data REVT) minus cost of goods 

sold (COGS), then divided by total assets (AT), all variables are at year t-1. 

SUE: Standardized unexpected earnings, split-adjusted earnings per share (Compustat 

data EPSPXQ divided by AJEX) of quarter t-1 minus split-adjusted earnings per 

share of quarter t-5 then scaled by share price at the end of quarter t-1.   

ROA: Return on asset, income before extraordinary items (Compustat data IBQ) of 

quarter t-1divided by total assets (ATQ) of quarter t-1. 

NSI: Net stock issuance, the natural log of the ratio of the split-adjusted shares 

outstanding (Compustat data CSHO times AJEX) at year t-1 divided by the split-

adjusted shares outstanding at year t-2. 

CSI: Composite stock issuance, the natural log of the ratio of the market capitalization 

at month t-1 and the market capitalization at month t-13 minus the log cumulative 

return from month t-13 to month t-1. 

DI: Debt issuance, change in long-term debt (Compustat data DLTT) and short term 

debt (DLC) from year t-2 to year t-1 scaled by total assets (AT) in year t-1. 

ACC: Total accrual, change in current assets (Compustat data ACT), minus change in 

cash (CHE), minus change in current liabilities (LCT), plus change in short-term 

debt (DLC), plus change in income tax payable (TXP), and minus depreciation 

(DP). All changes are from year t-2 to year t-1. 

∆NOA: Net operating asset changes, changes in NOA from year t-2 to year t-1 scaled by 

average total assets (Compustat data AT) of year t-1 and year t-2. 

NOA=RECT+INVT+ACO+PPENT+INTAN+AO-AP-LCO-LO. 
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∆INV: Inventory changes, changes in inventory (Compustat data INVT) from year t-2 to 

year t-1 scaled by total assets (AT) of year t-1. 

NOA: Net operating assets, difference between operating assets and operating liabilities 

in year t-1 scaled by total assets (AT) in year t-1. Operating assets is total assets 

(AT) minus cash and equivalents (CHE). Operating liabilities is AT-DLC-DLTT-

MIB-PSTK-CEQ. 

Distress: Failure probability, computed based on the third column of Table 4 in Campbell, 

Hilscher, and Szilagyi (2008).  
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Figure 1 
Aggregate Idiosyncratic Volatility: 1931-2012 
 
Daily stock returns and market returns are from the CRSP. We keep only common stocks in our sample (i.e., those 
with a share code of 10 or 11). We estimate IVOL by regressing daily stock returns on contemporaneous and lag 
market returns over the past 12 months. Detailed definition of IVOL is given in Section 3.6 and equation (4). We 
compute aggregate IVOL as the value-weighted average IVOL across all sample stocks.  
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Table 1 
Anomaly Returns 
 
Table 1 presents the long-short hedge portfolio returns for twenty anomalies. Monthly stock returns are from CRSP. We keep only common stocks in our sample 
(i.e., those with a share code of 10 or 11). We remove all firms with a stock price less than $1 at portfolio formation date. Quarterly and annual accounting data are 
from Compustat. Detailed definitions of the anomaly variables are given in the Appendix. In the composite strategy, we sort stocks based on the average decile 
rank of the twenty anomaly variables. Each month, we sort sample firms into quintile portfolios based on each anomaly variable. We then construct long-short 
strategies based on the two extreme quintiles, with the long position being the higher-performing quintile and the short position being the lower-performing quintile 
(according to prior literature). We compute 1-, 3-, and 4-factor alphas by regressing anomaly returns on the market, size, value, and momentum factors as defined 
in Fama and French (1996) and Carhart (1997). The anomaly returns are in percent. Numbers in parentheses are t-statistics except those for average returns, which 
are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent levels, respectively. To avoid clutter, we only use these superscripts 
for the average return and the composite strategy. 
 

Panel A: Equal-weighted Returns     

  Anomaly Sample Period Raw Return 1-factor alpha 3-factor alpha 4-factor alpha 

  1. Asset growth 1963-2012 0.89 (8.48) 0.97 (9.55) 0.76 (8.31) 0.65 (7.15) 
  2. Investment-to-asset 1963-2012 0.81 (9.20) 0.88 (10.59) 0.74 (9.44) 0.62 (8.08) 
  3. Investment growth 1963-2012 0.56 (7.47) 0.61 (8.13) 0.49 (6.87) 0.36 (5.30) 
  4. Size 1931-2012 0.83 (3.75) 0.55 (2.62) 0.08 (0.72) 0.34 (3.10) 
  5. Short-term reversal 1931-2012 1.64 (11.03) 1.50 (10.35) 1.45 (10.02) 1.63 (11.15) 
  6. Momentum 1931-2012 1.03 (5.30) 1.30 (7.11) 1.52 (8.97) 0.43 (6.06) 
  7. Long-run reversal 1931-2012 0.60 (3.61) 0.45 (2.73) 0.09 (0.79) 0.05 (0.42) 
  8. Book-to-market 1963-2012 0.98 (6.16) 1.14 (7.74) 0.62 (7.13) 0.53 (6.10) 
  9. Sales growth 1963-2012 0.58 (5.99) 0.67 (7.51) 0.46 (6.05) 0.36 (4.72) 
10. Gross profitability 1963-2012 0.54 (5.53) 0.47 (4.97) 0.55 (6.30) 0.58 (6.56) 
11. SUE 1973-2012 1.64 (15.24) 1.64 (15.09) 1.73 (15.95) 1.42 (16.49) 
12. Return on asset 1973-2012 1.22 (5.55) 1.31 (5.97) 1.39 (6.91) 1.04 (5.47) 
13. Net stock issuance 1963-2012 0.83 (5.93) 0.99 (8.04) 0.78 (7.58) 0.58 (5.94) 
14. Composite issuance 1963-2012 0.64 (3.86) 0.87 (6.46) 0.72 (7.17) 0.58 (5.89) 
15. Debt financing 1963-2012 0.67 (10.28) 0.72 (11.50) 0.66 (10.59) 0.58 (9.43) 
16. Accrual 1963-2012 0.42 (4.66) 0.52 (6.24) 0.48 (5.69) 0.46 (5.37) 
17. ∆NOA 1963-2012 0.79 (9.76) 0.86 (11.13) 0.74 (10.06) 0.64 (8.80) 
18. Inventory changes 1963-2012 0.65 (8.48) 0.71 (9.50) 0.60 (8.34) 0.51 (7.18) 
19. Net Operating Assets 1963-2012 0.61 (6.97) 0.68 (7.97) 0.69 (7.98) 0.56 (6.61) 
20. Financial distress 1971-2012 0.69 (3.00) 0.86 (3.92) 1.02 (4.96) 0.54 (2.97) 
      
Average return 1963-2012 0.83 (5.24)*** 0.89 (5.48)*** 0.78 (3.72)*** 0.62 (3.65)*** 
Composite strategy 1963-2012 1.59 (13.67)*** 1.72 (16.45)*** 1.50 (15.94)*** 1.23 (15.41)*** 
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Panel B: Value-weighted Returns     

  Anomaly Sample Period Raw Return 1-factor alpha 3-factor alpha 4-factor alpha 

  1. Asset growth 1963-2012 0.50 (3.83) 0.60 (4.87) 0.30 (2.89) 0.24 (2.30) 
  2. Investment-to-asset 1963-2012 0.47 (4.06) 0.54 (4.78) 0.30 (3.05) 0.25 (2.46) 
  3. Investment growth 1963-2012 0.43 (3.62) 0.50 (4.23) 0.31 (2.79) 0.15 (1.39) 
  4. Size 1931-2012 0.61 (3.01) 0.28 (1.53) -0.16 (-2.14) 0.05 (0.67) 
  5. Short-term reversal 1931-2012 0.53 (3.29) 0.45 (2.78) 0.47 (2.87) 0.63 (3.83) 
  6. Momentum 1931-2012 0.87 (4.07) 1.16 (5.75) 1.33 (6.89) 0.05 (0.73) 
  7. Long-run reversal 1931-2012 0.41 (2.48) 0.25 (1.53) -0.09 (-0.70) -0.04 (-0.28) 
  8. Book-to-market 1963-2012 0.52 (3.28) 0.56 (3.50) -0.08 (-1.07) -0.08 (-1.01) 
  9. Sales growth 1963-2012 0.31 (2.35) 0.41 (3.19) 0.11 (1.03) 0.03 (0.32) 
10. Gross profitability 1963-2012 0.31 (1.98) 0.39 (2.52) 0.75 (5.71) 0.54 (4.22) 
11. SUE 1973-2012 0.92 (5.96) 0.95 (6.12) 1.04 (6.67) 0.69 (4.99) 
12. Return on asset 1973-2012 0.64 (2.91) 0.81 (3.91) 0.97 (5.28) 0.71 (3.98) 
13. Net equity issuance 1963-2012 0.57 (4.97) 0.70 (6.67) 0.61 (6.08) 0.44 (4.52) 
14. Composite issuance 1963-2012 0.44 (3.37) 0.63 (5.88) 0.44 (5.28) 0.40 (4.63) 
15. Debt financing 1963-2012 0.29 (3.35) 0.33 (3.84) 0.21 (2.56) 0.16 (1.85) 
16. Accrual 1963-2012 0.36 (2.58) 0.52 (3.89) 0.49 (3.83) 0.44 (3.32) 
17. ∆NOA 1963-2012 0.47 (4.34) 0.53 (5.01) 0.38 (3.86) 0.30 (2.96) 
18. Inventory changes 1963-2012 0.50 (4.41) 0.59 (5.38) 0.45 (4.33) 0.31 (2.96) 
19. Net Operating Assets 1963-2012 0.44 (4.54) 0.44 (4.45) 0.42 (4.22) 0.32 (3.25) 
20. Financial distress 1971-2012 0.72 (2.38) 1.06 (3.91) 1.25 (5.10) 0.62 (2.95) 
      
Average return 1963-2012 0.52 (6.84)*** 0.59 (5.38)*** 0.48 (2.57)** 0.31 (2.87)*** 
Composite strategy 1963-2012 0.97 (7.37)*** 1.06 (8.33)*** 0.76 (6.93)*** 0.54 (5.23)*** 
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Table 2 
Anomaly Returns Across IVOL Portfolios 
 
Table 2 presents anomaly returns across idiosyncratic volatility (IVOL) portfolios. Detailed definitions of the anomaly variables are given in the Appendix. In the 
composite strategy, we sort stocks based on the average decile rank of the twenty anomaly variables.  Each month, we sort sample firms independently into quintile 
portfolios based on each anomaly variable and IVOL. Detailed definition of IVOL is given in Section 3.6 and equation (4). Within each IVOL portfolio, we 
construct long-short strategies based on the two extreme quintiles of the anomaly variable, with the long position being the higher-performing quintile and the short 
position being the lower-performing quintile (according to prior literature). We report the average anomaly returns for each IVOL quintile. We also compute the 
difference in anomaly returns between the high- and low-IVOL quintile. The anomaly returns are in percent. Numbers in parentheses are t-statistics except those 
for average returns, which are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent levels, respectively. To avoid clutter, we 
only use these superscripts for the average return and the composite strategy. 
 

Panel A: Equal-weighted Returns      

Anomaly 
IVOL Portfolios  

1-Low 2 3 4 5-High 5-1 
Asset growth 0.16 (1.81) 0.41 (4.55) 0.65 (6.15) 0.97 (8.24) 1.31 (9.24) 1.15 (7.42) 
Investment-to-asset 0.28 (4.00) 0.36 (4.05) 0.61 (6.08) 1.01 (8.69) 1.25 (8.73) 0.97 (6.44) 
Investment growth 0.16 (2.46) 0.09 (1.25) 0.54 (6.30) 0.65 (6.01) 0.82 (6.47) 0.66 (4.67) 
Size 0.24 (1.27) 0.30 (1.81) 0.58 (2.13) 1.21 (3.05) 1.20 (1.98) 0.96 (1.65) 
Short-term reversal 1.06 (7.43) 1.15 (7.94) 1.39 (9.65) 1.85 (11.77) 2.97 (17.26) 1.91 (10.26) 
Momentum 0.94 (4.36) 0.88 (4.83) 1.04 (5.35) 1.19 (6.55) 0.94 (4.61) -0.00 (-0.02) 
Long-run reversal -0.22 (-1.33) 0.02 (0.22) 0.26 (2.35) 0.61 (5.22) 0.96 (6.49) 1.18 (6.12) 
Book-to-market 0.36 (3.32) 0.41 (3.29) 0.71 (4.58) 0.89 (4.78) 1.42 (7.16) 1.06 (5.43) 
Sales growth 0.15 (1.73) 0.30 (3.47) 0.32 (2.99) 0.67 (5.57) 0.85 (6.31) 0.70 (4.82) 
Gross profitability 0.31 (3.16) 0.34 (3.07) 0.33 (2.73) 0.58 (4.09) 0.74 (4.71) 0.43 (2.37) 
SUE 1.03 (9.88) 1.26 (11.14) 1.41 (11.26) 1.89 (15.02) 1.94 (13.47) 0.92 (6.28) 
Return on asset 0.73 (4.73) 1.03 (6.32) 1.11 (6.74) 1.47 (7.53) 1.75 (8.42) 1.02 (4.47) 
Net equity issuance 0.32 (4.42) 0.52 (6.87) 0.68 (6.57) 0.89 (6.31) 1.31 (8.22) 0.99 (5.90) 
Composite issuance 0.39 (6.18) 0.51 (6.24) 0.74 (6.19) 0.78 (4.83) 0.98 (4.85) 0.59 (2.90) 
Debt financing 0.12 (1.65) 0.32 (4.05) 0.58 (6.93) 0.86 (8.53) 1.05 (8.21) 0.93 (6.55) 
Accrual 0.23 (2.33) 0.41 (3.79) 0.42 (3.06) 0.40 (2.92) 0.63 (3.98) 0.40 (2.25) 
∆NOA 0.29 (3.77) 0.42 (5.28) 0.66 (7.35) 1.00 (9.48) 1.12 (8.19) 0.83 (5.72) 
Inventory changes 0.22 (3.53) 0.34 (4.55) 0.58 (6.25) 0.73 (6.62) 0.89 (6.89) 0.67 (4.86) 
Net Operating Assets 0.28 (3.49) 0.23 (2.43) 0.48 (4.49) 0.78 (6.22) 0.99 (6.31) 0.71 (4.07) 
Financial distress 0.34 (1.18) 0.70 (3.34) 0.78 (3.73) 1.26 (5.66) 1.19 (4.92) 0.85 (2.48) 
       
Average return 0.37 (2.41)** 0.50 (3.14)*** 0.69 (4.57)*** 0.98 (5.23)*** 1.22 (4.91)*** 0.85 (4.72)*** 
Composite strategy 0.67 (7.71)*** 1.00 (10.45)*** 1.29 (11.27)*** 1.79 (14.45)*** 2.66 (18.06)*** 1.99 (13.49)*** 
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Panel B: Value-weighted Returns      

Anomaly 
IVOL Portfolios  

1-Low 2 3 4 5-High 5-1 
Asset growth 0.10 (0.63) 0.60 (3.45) 0.73 (4.06) 0.88 (4.85) 1.03 (4.96) 0.93 (3.96) 
Investment-to-asset 0.20 (1.52) 0.41 (2.68) 0.73 (4.27) 1.02 (5.44) 0.97 (3.99) 0.77 (2.86) 
Investment growth 0.15 (1.14) 0.06 (0.38) 0.75 (4.60) 0.88 (5.06) 0.82 (3.71) 0.66 (2.67) 
Size 0.25 (1.29) 0.37 (2.08) 0.57 (1.81) 1.11 (2.84) 0.92 (1.55) 0.67 (1.18) 
Short-term reversal 0.66 (3.86) 0.73 (4.37) 0.76 (4.02) 1.08 (5.80) 1.99 (7.98) 1.34 (4.89) 
Momentum 0.66 (2.69) 0.77 (3.51) 0.89 (3.59) 1.32 (5.93) 1.28 (4.90) 0.63 (2.34) 
Long-run reversal -0.11 (-0.57) 0.14 (0.91) 0.22 (1.36) 0.63 (3.68) 0.70 (3.10) 0.80 (3.04) 
Book-to-market 0.28 (1.82) 0.37 (1.90) 0.69 (3.22) 0.90 (3.50) 1.19 (4.43) 0.91 (3.45) 
Sales growth 0.11 (0.76) 0.42 (2.47) 0.26 (1.36) 0.71 (3.89) 0.44 (2.06) 0.32 (1.43) 
Gross profitability 0.20 (1.09) 0.26 (1.43) 0.51 (2.46) 0.62 (2.88) 0.93 (3.88) 0.73 (2.42) 
SUE 0.73 (4.08) 0.81 (4.42) 0.78 (3.64) 1.55 (6.17) 1.80 (7.52) 1.07 (3.67) 
Return on asset 0.01 (0.04) 0.70 (2.78) 0.63 (2.68) 1.09 (4.67) 1.53 (5.30) 1.52 (4.49) 
Net equity issuance 0.33 (3.15) 0.66 (4.51) 0.71 (4.65) 0.86 (4.28) 0.86 (3.16) 0.53 (1.82) 
Composite issuance 0.30 (2.96) 0.44 (3.24) 0.86 (4.55) 0.86 (3.80) 0.86 (2.97) 0.56 (1.88) 
Debt financing 0.07 (0.55) 0.42 (2.95) 0.51 (3.41) 0.65 (3.73) 0.65 (3.14) 0.58 (2.49) 
Accrual 0.27 (1.53) 0.37 (1.92) 0.28 (1.31) 0.24 (1.08) 0.58 (2.28) 0.31 (1.02) 
∆NOA 0.18 (1.36) 0.46 (3.14) 0.93 (5.95) 0.83 (4.72) 1.00 (5.27) 0.82 (3.74) 
Inventory changes 0.23 (1.70) 0.56 (3.54) 0.60 (3.23) 0.60 (3.24) 0.97 (4.49) 0.74 (2.99) 
Net Operating Assets 0.33 (2.60) 0.17 (1.23) 0.54 (3.21) 0.92 (4.97) 0.90 (3.95) 0.57 (2.19) 
Financial distress -0.05 (-0.15) 0.80 (2.23) 1.26 (3.68) 1.39 (4.08) 1.22 (3.49) 1.28 (2.69) 
       
Average return 0.25 (2.47)** 0.48 (4.83)*** 0.66 (6.09)*** 0.91 (6.77)*** 1.03 (6.04)*** 0.78 (5.61)*** 
Composite strategy 0.57 (4.41)*** 1.03 (7.10)*** 1.16 (6.93)*** 1.79 (9.15)*** 2.12 (9.17)*** 1.55 (6.35)*** 
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Table 3 
Difference in Anomaly Returns between High-IVOL and Low-IVOL Portfolios: Risk-adjusted Returns 
 
Table 3 presents the difference in risk-adjusted anomaly returns between high- and low-IVOL portfolios. Detailed definitions of the anomaly variables are given 
in the Appendix. In the composite strategy, we sort stocks based on the average decile rank of the twenty anomaly variables. Detailed definition of IVOL is given 
in Section 3.6 and equation (4). Each month, we sort sample firms independently into quintile portfolios based on each anomaly variable and IVOL. Within each 
IVOL portfolio, we construct long-short strategies based on the two extreme quintiles of the anomaly variable, with the long position being the higher-performing 
quintile and the short position being the lower-performing quintile (according to prior literature). We compute 1-, 3-, and 4-factor alphas by regressing anomaly 
returns on the market, size, value, and momentum factors as defined in Fama and French (1996) and Carhart (1997). Numbers in parentheses are t-statistics except 
those for average returns, which are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent levels, respectively. To avoid clutter, 
we only use these superscripts for the average return and the composite strategy. 
 

   IVOL5 – IVOL1   

Anomaly 
 EW   VW  

1-factor α 3-factor α 4-factor α 1-factor α 3-factor α 4-factor α 
Asset growth 1.17 (7.54) 1.06 (6.83) 0.86 (5.58) 0.94 (3.95) 0.82 (3.42) 0.67 (2.74) 
Investment-to-asset 1.01 (6.68) 0.92 (6.03) 0.77 (5.05) 0.84 (3.07) 0.69 (2.54) 0.53 (1.91) 
Investment growth 0.68 (4.73) 0.61 (4.24) 0.47 (3.21) 0.72 (2.86) 0.44 (1.79) 0.25 (1.01) 
Size 0.61 (1.07) 0.43 (0.76) 0.85 (1.51) 0.26 (0.47) 0.18 (0.32) 0.49 (0.90) 
Short-term reversal 1.89 (10.04) 1.82 (9.73) 1.93 (10.06) 1.31 (4.75) 1.26 (4.56) 1.32 (4.65) 
Momentum -0.04 (-0.18) 0.04 (0.18) -0.00 (-0.02) 0.64 (2.35) 0.69 (2.56) 0.58 (2.09) 
Long-run reversal 1.12 (5.77) 1.00 (5.19) 0.83 (4.24) 0.74 (2.75) 0.59 (2.20) 0.38 (1.40) 
Book-to-market 1.15 (5.95) 1.02 (5.48) 0.85 (4.50) 1.02 (3.90) 0.88 (3.32) 0.72 (2.69) 
Sales growth 0.73 (4.96) 0.59 (4.00) 0.43 (2.93) 0.34 (1.46) 0.22 (0.95) 0.10 (0.41) 
Gross profitability 0.48 (2.64) 0.31 (1.77) 0.40 (2.21) 0.64 (2.14) 0.25 (0.86) 0.64 (2.20) 
SUE 0.89 (6.10) 0.91 (6.14) 0.76 (5.14) 1.05 (3.58) 1.09 (3.66) 1.01 (3.35) 
Return on asset 1.03 (4.46) 0.92 (3.95) 0.71 (3.07) 1.41 (4.15) 1.33 (3.84) 1.30 (3.68) 
Net equity issuance 1.11 (6.83) 0.90 (5.77) 0.77 (4.85) 0.63 (2.14) 0.32 (1.10) 0.13 (0.46) 
Composite issuance 0.73 (3.68) 0.61 (3.17) 0.51 (2.58) 0.68 (2.27) 0.52 (1.70) 0.40 (1.30) 
Debt financing 0.97 (6.82) 0.97 (6.71) 0.85 (5.84) 0.66 (2.80) 0.61 (2.56) 0.46 (1.89) 
Accrual 0.28 (1.57) 0.24 (1.37) 0.25 (1.35) 0.14 (0.45) 0.09 (0.30) 0.01 (0.02) 
∆NOA 0.84 (5.74) 0.76 (5.13) 0.60 (4.06) 0.87 (3.97) 0.73 (3.31) 0.62 (2.74) 
Inventory changes 0.68 (4.87) 0.60 (4.27) 0.54 (3.76) 0.72 (2.91) 0.54 (2.19) 0.60 (2.37) 
Net Operating Assets 0.72 (4.08) 0.73 (4.23) 0.63 (3.58) 0.72 (2.76) 0.61 (2.35) 0.53 (1.99) 
Financial distress 0.89 (2.61) 0.83 (2.39) 0.68 (1.93) 1.27 (2.64) 1.07 (2.20) 0.89 (1.81) 
       
Average return 0.85 (4.58)*** 0.76 (4.30)*** 0.68 (3.90)*** 0.78 (5.37)*** 0.65 (4.15)*** 0.58 (3.75)*** 
Composite strategy 1.99 (13.39)*** 1.89 (12.88)*** 1.69 (11.68)*** 1.58 (6.41)*** 1.50 (6.01)*** 1.37 (5.38)*** 
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Table 4 
Difference in Anomaly Returns between High-IVOL and Low-IVOL Portfolios: The Contribution of the Short Leg 
 
Table 4 presents the difference in anomaly returns between high- and low-IVOL portfolios for short legs. Detailed definitions of the anomaly variables are given 
in the Appendix. In the composite strategy, we sort stocks based on the average decile rank of the twenty anomaly variables. Each month, we sort sample firms 
independently into quintile portfolios based on each anomaly variable and IVOL. Within each IVOL portfolio, we construct long-short strategies based on the two 
extreme quintiles of the anomaly variable, with the long position being the higher-performing quintile and the short position being the lower-performing quintile 
(according to prior literature). We estimate 1-, 3-, and 4-factor alphas by regressing anomaly returns on the market, size, value, and momentum factors as defined 
in Fama and French (1996) and Carhart (1997). We report the difference in anomaly returns between the high- and low-IVOL quintile.  We also report the 
contribution of short positions to this difference. The column “% Short” shows the percentage contribution by short positions. All returns are in percent. Numbers 
in parentheses are t-statistics except those for average returns, which are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent 
levels, respectively. To avoid clutter, we only use these superscripts for the average return and the composite strategy. 
 

Panel A: Raw Returns   

Anomaly 
EW   VW 

IVOL5–IVOL1 Short Leg % Short  IVOL5–IVOL1 Short Leg % Short 
Asset growth 1.15 (7.42) 0.67 (2.08) 58%  0.93 (3.96) 0.92 (2.71) 99% 
Investment-to-asset 0.97 (6.44) 0.67 (2.15) 69%  0.77 (2.86) 0.84 (2.35) >100% 
Investment growth 0.66 (4.67) 0.30 (1.02) 45%  0.66 (2.67) 0.79 (2.23) >100% 
Size 0.96 (1.65) 0.56 (0.95) 58%  0.67 (1.18) 0.63 (1.08) 94% 
Short-term reversal 1.92 (10.26) 0.97 (4.30) 51%  1.34 (4.89) 0.75 (2.96) 56% 
Momentum -0.00 (-0.02) 0.11 (0.40) >100%  0.63 (2.34) 0.64 (2.30) >100% 
Long-run reversal 1.18 (6.12) 0.61 (2.87) 52%  0.80 (3.04) 0.50 (1.95) 63% 
Book-to-market 1.06 (5.43) 0.59 (1.79) 56%  0.91 (3.45) 0.87 (2.57) 96% 
Sales growth 0.71 (4.82) 0.39 (1.23) 55%  0.32 (1.43) 0.64 (1.86) >100% 
Gross profitability 0.43 (2.37) 0.18 (0.52) 42%  0.73 (2.42) 0.68 (1.78) 93% 
SUE 0.92 (6.28) 0.43 (1.17) 47%  1.07 (3.67) 1.09 (2.70) >100% 
Return on asset 1.02 (4.47) 0.21 (0.54) 21%  1.52 (4.49) 1.08 (2.57) 71% 
Net equity issuance 0.99 (5.90) 0.45 (1.34) 45%  0.53 (1.82) 0.59 (1.65) >100% 
Composite issuance 0.59 (2.90) 0.14 (0.43) 24%  0.56 (1.88) 0.54 (1.63) 96% 
Debt financing 0.93 (6.55) 0.61 (1.88) 66%  0.58 (2.49) 0.88 (2.37) >100% 
Accrual 0.40 (2.25) 0.08 (0.28) 20%  0.31 (1.02) 0.40 (1.05) >100% 
∆NOA 0.83 (5.72) 0.50 (1.61) 60%  0.82 (3.74) 0.83 (2.31) >100% 
Inventory changes 0.67 (4.86) 0.52 (1.65) 78%  0.74 (2.99) 0.93 (2.58) >100% 
Net Operating Assets 0.71 (4.07) 0.42 (1.37) 59%  0.57 (2.19) 0.79 (2.16) >100% 
Financial distress 0.85 (2.48) 0.19 (0.45) 22%  1.28 (2.69) 0.92 (1.82) 72% 
        
Average return 0.85 (4.72)*** 0.43 (3.51)*** 51%  0.78 (5.61)*** 0.77 (9.32)*** 98% 
Composite strategy 1.99 (13.49)*** 1.54 (5.02)*** 77%  1.55 (6.35)*** 1.66 (4.65)*** >100% 



48 
 

 
Panel B: Equal-weighted Risk-Adjusted Returns        

Anomaly 
 1-factor α   3-factor α   4-factor α  
IVOL5–IVOL1 Short Leg % Short IVOL5–IVOL1 Short Leg % Short IVOL5–IVOL1 Short Leg % Short

Asset growth 1.17 (7.54) 0.99 (3.39) 85% 1.06 (6.83) 0.98 (4.10) 92% 0.86 (5.58) 0.62 (2.63) 72% 
Investment-to-asset 1.01 (6.68) 0.98 (3.43) 97% 0.92 (6.03) 1.00 (4.17) >100% 0.77 (5.05) 0.65 (2.77) 84% 
Investment growth 0.68 (4.73) 0.60 (2.22) 88% 0.61 (4.24) 0.58 (2.57) 95% 0.47 (3.21) 0.27 (1.21) 57% 
Size 0.61 (1.07) 0.75 (1.32) >100% 0.43 (0.76) 0.66 (1.19) >100% 0.85 (1.51) 0.77 (1.37) 91% 
Short-term reversal 1.89 (10.04) 1.35 (6.60) 71% 1.82 (9.73) 1.56 (9.90) 86% 1.93 (10.06) 1.55 (9.58) 80% 
Momentum -0.04 (-0.18) 0.17 (0.61) >100% 0.04 (0.18) 0.45 (2.08) >100% -0.00 (-0.02) 0.42 (1.86) >100% 
Long-run reversal 1.12 (5.77) 1.00 (5.15) 89% 1.00 (5.19) 1.05 (6.81) >100% 0.83 (4.24) 0.83 (5.36) 100% 
Book-to-market 1.15 (5.95) 0.92 (3.02) 80% 1.02 (5.48) 0.95 (4.09) 93% 0.85 (4.50) 0.64 (2.79) 75% 
Sales growth 0.73 (4.96) 0.71 (2.47) 97% 0.59 (4.00) 0.66 (2.92) >100% 0.43 (2.93) 0.34 (1.55) 79% 
Gross profitability 0.48 (2.64) 0.52 (1.60) >100% 0.31 (1.77) 0.51 (1.98) >100% 0.40 (2.21) 0.33 (1.27) 83% 
SUE 0.89 (6.10) 0.73 (2.17) 82% 0.91 (6.14) 0.78 (2.79) 86% 0.76 (5.14) 0.34 (1.29) 45% 
Return on asset 1.03 (4.46) 0.53 (1.52) 51% 0.92 (3.95) 0.50 (1.68) 54% 0.71 (3.07) 0.12 (0.42) 17% 
Net equity issuance 1.11 (6.83) 0.82 (2.69) 74% 0.90 (5.77) 0.81 (3.40) 90% 0.77 (4.85) 0.50 (2.13) 65% 
Composite issuance 0.73 (3.68) 0.50 (1.63) 68% 0.61 (3.17) 0.53 (2.23) 87% 0.51 (2.58) 0.28 (1.20) 55% 
Debt financing 0.97 (6.82) 0.93 (3.13) 96% 0.97 (6.71) 0.97 (3.97) 100% 0.85 (5.84) 0.64 (2.66) 75% 
Accrual 0.28 (1.57) 0.32 (1.10) >100% 0.24 (1.37) 0.37 (1.51) >100% 0.25 (1.35) 0.10 (0.42) 40% 
∆NOA 0.84 (5.74) 0.80 (2.78) 95% 0.76 (5.13) 0.84 (3.50) >100% 0.60 (4.06) 0.49 (2.07) 82% 
Inventory changes 0.68 (4.87) 0.85 (2.94) >100% 0.60 (4.27) 0.86 (3.71) >100% 0.54 (3.76) 0.56 (2.45) >100% 
Net Operating Assets 0.72 (4.08) 0.74 (2.64) >100% 0.73 (4.23) 0.76 (3.21) >100% 0.63 (3.58) 0.45 (1.92) 71% 
Financial distress 0.89 (2.61) 0.49 (1.26) 55% 0.83 (2.39) 0.49 (1.39) 59% 0.68 (1.93) 0.32 (0.91) 47% 
          
Average return 0.85 (4.58)*** 0.74 (5.76)*** 87% 0.76 (4.30)*** 0.77 (5.79)*** >100% 0.68 (3.90)*** 0.51 (3.43)*** 75% 
Composite strategy 1.99 (13.39)*** 1.88 (6.82)*** 94% 1.89 (12.88)*** 1.88 (9.24)*** 99% 1.69 (11.68)*** 1.57 (7.89)*** 93% 
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Panel C: Value-weighted Risk-Adjusted Returns        

Anomaly 
 1-factor α   3-factor α   4-factor α  
IVOL5–IVOL1 Short Leg % Short IVOL5–IVOL1 Short Leg % Short IVOL5–IVOL1 Short Leg % Short

Asset growth 0.94 (3.95) 1.29 (4.20) >100% 0.82 (3.42) 1.35 (5.38) >100% 0.67 (2.74) 0.97 (3.94) >100% 
Investment-to-asset 0.84 (3.07) 1.23 (3.76) >100% 0.69 (2.54) 1.24 (4.38) >100% 0.53 (1.91) 0.80 (2.89) >100% 
Investment growth 0.72 (2.86) 1.15 (3.50) >100% 0.44 (1.79) 0.99 (3.56) >100% 0.25 (1.01) 0.59 (2.16) >100% 
Size 0.26 (0.47) 0.80 (1.41) >100% 0.18 (0.32) 0.76 (1.38) >100% 0.49 (0.90) 0.84 (1.49) >100% 
Short-term reversal 1.31 (4.75) 1.09 (4.57) 83% 1.26 (4.56) 1.21 (5.68) 96% 1.32 (4.65) 1.22 (5.62) 92% 
Momentum 0.64 (2.35) 0.85 (3.14) >100% 0.69 (2.56) 1.00 (4.20) >100% 0.58 (2.09) 1.00 (4.08) >100% 
Long-run reversal 0.74 (2.75) 0.91 (3.69) >100% 0.59 (2.20) 0.85 (4.13) >100% 0.38 (1.40) 0.67 (3.20) >100% 
Book-to-market 1.02 (3.90) 1.26 (4.20) >100% 0.88 (3.32) 1.31 (5.58) >100% 0.72 (2.69) 0.97 (4.20) >100% 
Sales growth 0.34 (1.46) 1.02 (3.25) >100% 0.22 (0.95) 0.99 (4.03) >100% 0.10 (0.41) 0.64 (2.64) >100% 
Gross profitability 0.64 (2.14) 1.01 (2.80) >100% 0.25 (0.86) 0.81 (2.85) >100% 0.64 (2.20) 0.81 (2.77) >100% 
SUE 1.05 (3.58) 1.50 (4.18) >100% 1.09 (3.66) 1.45 (5.05) >100% 1.01 (3.35) 1.19 (4.16) >100% 
Return on asset 1.41 (4.15) 1.47 (3.80) >100% 1.33 (3.84) 1.28 (4.01) 96% 1.30 (3.68) 1.13 (3.49) 87% 
Net equity issuance 0.63 (2.14) 1.02 (3.19) >100% 0.32 (1.10) 0.90 (3.60) >100% 0.13 (0.46) 0.57 (2.30) >100% 
Composite issuance 0.68 (2.27) 0.92 (3.14) >100% 0.52 (1.70) 0.93 (4.08) >100% 0.40 (1.30) 0.78 (3.40) >100% 
Debt financing 0.66 (2.80) 1.27 (3.72) >100% 0.61 (2.56) 1.26 (4.42) >100% 0.46 (1.89) 0.84 (3.01) >100% 
Accrual 0.14 (0.45) 0.70 (1.94) >100% 0.09 (0.30) 0.78 (2.62) >100% 0.01 (0.02) 0.38 (1.29) >100% 
∆NOA 0.87 (3.97) 1.22 (3.72) >100% 0.73 (3.31) 1.24 (4.70) >100% 0.62 (2.74) 0.86 (3.32) >100% 
Inventory changes 0.72 (2.91) 1.31 (3.95) >100% 0.54 (2.19) 1.22 (4.51) >100% 0.60 (2.37) 0.97 (3.57) >100% 
Net Operating Assets 0.72 (2.76) 1.23 (3.84) >100% 0.61 (2.35) 1.21 (4.31) >100% 0.53 (1.99) 0.86 (3.09) >100% 
Financial distress 1.27 (2.64) 1.29 (2.61) >100% 1.07 (2.20) 1.17 (2.67) >100% 0.89 (1.81) 1.00 (2.25) >100% 
          
Average return 0.78 (5.37)*** 1.13 (11.68)*** >100% 0.65 (4.15)*** 1.10 (11.83)*** >100% 0.58 (3.75)*** 0.85 (9.03)*** >100% 
Composite strategy 1.58 (6.41)*** 2.08 (6.56)*** >100% 1.50 (6.01)*** 2.05 (8.33)*** >100% 1.37 (5.38)*** 1.78 (7.25)*** >100% 
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Table 5 
Anomaly Returns Following High- and Low-Aggregate IVOL Periods 
 
Table 5 presents the anomaly returns following high- and low-Aggregate IVOL periods. Detailed definitions of the anomaly variables are given in the Appendix. 
In the composite strategy, we sort stocks based on the average decile rank of the twenty anomaly variables. Each month, we sort sample firms into decile portfolios 
based on each anomaly variable. We then construct long-short strategies based on the two extreme deciles, with the long position being the higher-performing 
decile and the short position being the lower-performing decile (according to prior literature). Detailed definition of IVOL is given in Section 3.6 and equation (4). 
We compute aggregate IVOL as the value-weighted average IVOL across all sample stocks. We split the sample period for each anomaly evenly into high- and 
low-aggregate IVOL periods based on past 12-month aggregate IVOL. We report the average anomaly returns for high- and low-aggregate IVOL periods. We also 
compute the difference in anomaly returns between high- and low-aggregate IVOL periods. The anomaly returns are in percent. Numbers in parentheses are t-
statistics except those for average returns, which are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent levels, respectively. 
To avoid clutter, we only use these superscripts for the average return and the composite strategy. 
 

Anomaly 
  EW     VW   

High-IVOL Low-IVOL High-Low High-IVOL Low-IVOL High-Low 
Asset growth 1.74 (7.71) 0.58 (3.84) 1.15 (4.25) 1.33 (5.04) 0.18 (0.97) 1.15 (3.52) 
Investment-to-asset 1.60 (8.72) 0.59 (4.43) 1.01 (4.47) 1.17 (5.49) 0.34 (1.86) 0.83 (2.99) 
Investment growth 1.13 (6.90) 0.33 (3.30) 0.80 (4.19) 1.18 (4.39) 0.37 (2.36) 0.81 (2.59) 
Size 1.46 (3.19) 0.88 (2.73) 0.58 (1.04) 1.07 (2.49) 0.68 (2.32) 0.39 (0.76) 
Short-term reversal 3.07 (9.56) 1.76 (10.20) 1.31 (3.61) 1.30 (3.53) 0.75 (3.95) 0.55 (1.33) 
Momentum 1.44 (3.53) 1.26 (5.86) 0.18 (0.38) 1.34 (2.78) 1.45 (6.27) -0.11 (-0.21) 
Long-run reversal 1.22 (3.44) 0.38 (2.10) 0.84 (2.08) 0.88 (2.44) -0.03 (-0.16) 0.91 (2.22) 
Book-to-market 1.50 (4.96) 0.57 (3.46) 0.93 (2.69) 0.97 (3.23) 0.09 (0.45) 0.88 (2.40) 
Sales growth 1.22 (6.46) 0.33 (2.49) 0.89 (3.86) 1.01 (3.77) -0.07 (-0.35) 1.08 (3.30) 
Gross profitability 0.91 (4.41) 0.40 (3.05) 0.51 (2.08) 0.52 (1.61) 0.35 (1.86) 0.17 (0.46) 
SUE 1.80 (7.90) 1.87 (13.05) -0.07 (-0.26) 1.02 (3.09) 1.10 (5.25) -0.08 (-0.19) 
Return on asset 1.01 (2.21) 1.93 (8.61) -0.92 (-1.81) 0.70 (1.52) 0.99 (3.98) -0.29 (-0.54) 
Net equity issuance 1.35 (4.62) 0.85 (6.93) 0.50 (1.57) 1.04 (4.20) 0.77 (4.80) 0.27 (0.93) 
Composite issuance 1.09 (3.69) 0.74 (4.51) 0.35 (1.05) 0.84 (3.75) 0.47 (2.84) 0.37 (1.32) 
Debt financing 0.93 (8.65) 0.52 (6.64) 0.41 (3.12) 0.35 (2.12) 0.21 (1.72) 0.14 (0.67) 
Accrual 0.74 (5.02) 0.65 (4.14) 0.09 (0.41) 0.67 (2.42) 0.66 (2.48) 0.01 (0.03) 
∆NOA 1.50 (9.22) 0.58 (4.58) 0.92 (4.43) 1.03 (4.58) 0.18 (1.19) 0.85 (3.11) 
Inventory changes 1.21 (7.78) 0.60 (4.78) 0.61 (3.01) 0.81 (3.45) 0.44 (2.35) 0.37 (1.22) 
Net Operating Assets 1.48 (7.11) 0.27 (2.11) 1.21 (4.94) 0.99 (4.37) 0.34 (2.13) 0.65 (2.33) 
Financial distress 0.55 (1.12) 1.41 (4.86) -0.86 (-1.49) 1.08 (1.72) 1.65 (4.28) -0.57 (-0.78) 
       
Average return 1.35 (5.49)*** 0.83 (3.30)*** 0.52 (1.81)* 0.97 (3.87)*** 0.55 (2.65)** 0.42 (1.98)** 
Composite strategy 2.60 (10.76)*** 1.52 (10.66)*** 1.08 (3.86)*** 1.58 (6.13)*** 1.01 (5.15)*** 0.57 (1.75)* 

 



51 
 

Table 6 
Difference in Risk-adjusted Anomaly Returns between High- and Low-Aggregate IVOL Periods 
 
Table 6 presents the difference in risk-adjusted anomaly returns between high- and low-Aggregate IVOL periods. Detailed definitions of the anomaly variables are 
given in the Appendix. In the composite strategy, we sort stocks based on the average decile rank of the twenty anomaly variables. Each month, we sort sample 
firms into decile portfolios based on each anomaly variable. We then construct long-short strategies based on the two extreme deciles, with the long position being 
the higher-performing decile and the short position being the lower-performing decile (according to prior literature). Detailed definition of IVOL is given in 
equation (4). We compute aggregate IVOL as the value-weighted average IVOL across all sample stocks. We split the sample period for each anomaly evenly into 
high- and low-aggregate IVOL periods according to the past 12-month aggregate IVOL. We compute 1-, 3-, and 4-factor alphas by regressing anomaly returns on 
the market, size, value, and momentum factors as defined in Fama and French (1996) and Carhart (1997). Anomaly returns are in percent. Numbers in parentheses 
are t-statistics except those for average returns, which are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent levels, 
respectively. To avoid clutter, we only use these superscripts for the average return and the composite strategy. 
 

Anomaly 
  EW     VW   

1-factor α 3-factor α 4-factor α 1-factor α 3-factor α 4-factor α 
Asset growth 1.19 (4.50) 0.96 (4.00) 1.01 (4.37) 1.19 (3.86) 0.90 (3.41) 0.95 (3.68) 
Investment-to-asset 1.05 (4.79) 0.89 (4.34) 0.95 (4.87) 0.86 (3.19) 0.68 (2.71) 0.72 (2.95) 
Investment growth 0.82 (4.40) 0.71 (4.00) 0.77 (4.68) 0.85 (2.84) 0.69 (2.39) 0.77 (2.84) 
Size 0.73 (1.40) 0.18 (0.58) 0.03 (0.12) 0.56 (1.18) 0.03 (0.12) -0.09 (-0.39) 
Short-term reversal 1.40 (3.97) 1.32 (3.81) 1.21 (3.57) 0.61 (1.49) 0.58 (1.42) 0.48 (1.18) 
Momentum 0.04 (0.11) 0.19 (0.46) 0.71 (3.78) -0.27 (-0.56) -0.18 (-0.39) 0.45 (2.14) 
Long-run reversal 0.91 (2.33) 0.57 (2.11) 0.61 (2.28) 0.98 (2.46) 0.67 (2.29) 0.68 (2.34) 
Book-to-market 0.99 (3.10) 0.57 (2.98) 0.59 (3.11) 0.88 (2.43) 0.31 (1.64) 0.30 (1.60) 
Sales growth 0.93 (4.24) 0.73 (3.84) 0.78 (4.29) 1.13 (3.65) 0.91 (3.38) 0.94 (3.52) 
Gross profitability 0.51 (2.09) 0.54 (2.23) 0.55 (2.28) 0.22 (0.63) 0.45 (1.38) 0.57 (1.85) 
SUE -0.07 (-0.26) 0.08 (0.30) 0.23 (1.10) -0.08 (-0.22) 0.14 (0.36) 0.31 (0.91) 
Return on asset -0.96 (-1.93) -0.46 (-1.03) -0.31 (-0.74) -0.36 (-0.72) 0.24 (0.53) 0.34 (0.79) 
Net equity issuance 0.57 (1.98) 0.49 (2.02) 0.57 (2.59) 0.33 (1.19) 0.26 (0.99) 0.35 (1.43) 
Composite issuance 0.44 (1.60) 0.44 (2.10) 0.50 (2.44) 0.41 (1.85) 0.37 (1.76) 0.38 (1.85) 
Debt financing 0.42 (3.22) 0.40 (3.08) 0.41 (3.21) 0.15 (0.73) 0.13 (0.63) 0.16 (0.79) 
Accrual 0.10 (0.46) 0.08 (0.34) 0.08 (0.39) 0.06 (0.17) 0.14 (0.40) 0.16 (0.45) 
∆NOA 0.94 (4.69) 0.83 (4.30) 0.88 (4.66) 0.89 (3.35) 0.81 (3.29) 0.85 (3.54) 
Inventory changes 0.63 (3.22) 0.52 (2.78) 0.56 (3.14) 0.40 (1.38) 0.25 (0.91) 0.33 (1.27) 
Net Operating Assets 1.25 (5.37) 1.26 (5.44) 1.32 (5.98) 0.77 (2.45) 0.65 (2.44) 0.70 (2.65) 
Financial distress -0.96 (-1.78) -0.22 (-0.64) -0.07 (-0.18) -0.84 (-1.14) 0.18 (0.31) 0.42 (0.91) 
       
Average return 0.55 (1.78)* 0.50 (2.37)** 0.57 (2.86)*** 0.44 (1.83)* 0.41 (3.01)*** 0.49 (3.97)*** 
Composite strategy 1.14 (4.52)*** 0.96 (4.15)*** 1.10 (5.86)*** 0.60 (1.88)* 0.26 (0.95) 0.37 (1.52) 
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Table 7 
Summary Statistics for Aggregate IVOL and Control Variables 
 
Table 7 presents the summary statistics for Aggregate IVOL and control variables. Control variables include investor sentiment (SENT), three-month LIBOR rate, 
TED spread, VIX, three-month T-bill rate, credit spread (CS), market volatility (MKTVOL), and aggregate Amihud’s illiquidity (ILLIQ). We estimate IVOL by 
regressing daily stock returns on contemporaneous and lag market returns over the past year. Detailed definition of IVOL is given in Section 3.6 and equation (4). 
We compute aggregate IVOL as the value-weighted average IVOL across all sample stocks. Default spread is the difference between Baa and Aaa corporate bond 
yields. TED spread is the difference between three-month LIBOR rate and three-month T-bill rate. Superscripts ***, **, and * indicate statistical significance at 1, 5, 
and 10 percent levels, respectively. 
 

Panel A: Univariate Statistics 
 Sample Period Mean Median 25th Percentile 75th Percentile Std. Dev. 
AGGIVOL (%) 1931-2012 1.407 1.313 1.086 1.578 0.482 
SENT 1965-2010 0.000 0.015 -0.505 0.547 1.000 
LIBOR (%) 1986-2012 4.422 5.070 1.945 6.115 2.589 
TED (%) 1986-2012 0.635 0.535 0.320 0.810 0.439 
VIX (%) 1986-2012 21.331 19.585 15.250 24.800 8.424 
ILLIQ (× 106) 1931-2012 1.010 0.007 0.002 0.047 3.557 
TBILL (%) 1934-2012 3.703 3.310 0.950 5.475 3.163 
CS (%) 1931-2012 1.142 0.895 0.680 1.380 0.724 
MKTVOL (%) 1931-2012 0.863 0.682 0.523 0.974 0.582 

 
 

Panel B: Correlations 
 AGGIVOL SENT LIBOR TED VIX ILLIQ TBILL CS MKTVOL 
AGGIVOL 1.00         
SENT 0.25*** 1.00        
LIBOR 0.15*** 0.22*** 1.00       
TED 0.31*** 0.12** 0.58*** 1.00      
VIX 0.59*** 0.17*** -0.06 0.43*** 1.00     
ILLIQ 0.32*** -0.39*** 0.15*** 0.41*** 0.24*** 1.00    
TBILL 0.30*** 0.21*** 0.99*** 0.44*** -0.14** -0.44*** 1.00   
CS 0.45*** 0.09** -0.26*** 0.34*** 0.53*** 0.69*** 0.02 1.00  
MKTVOL 0.71*** 0.06 -0.17*** 0.40*** 0.85*** 0.41*** -0.08*** 0.59*** 1.00 
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Table 8 
Regression of Anomaly Returns on Lagged Aggregate IVOL 
 
Table 8 presents the estimates of b in the regression: , , ,

,  . Control variables include investor sentiment, three-month LIBOR rate, TED spread, VIX, three-month T-bill rate, default 
spread, market volatility, and aggregate Amihud’s illiquidity. Detailed definition of IVOL is given in Section 3.6 and equation (4). We compute aggregate IVOL 
as the value-weighted average IVOL across all sample stocks. Detailed definitions of the anomaly variables are given in the Appendix. In the composite strategy, 
we sort stocks based on the average decile rank of the twenty anomaly variables. Each month, we sort sample firms into decile portfolios based on each anomaly 
variable. We then construct long-short strategies based on the two extreme deciles, with the long position being the higher-performing decile and the short position 
being the lower-performing decile (according to prior literature). The anomaly returns are in percent. Numbers in parentheses are t-statistics based on Newey-West 
standard errors with 12 lags except for pooled regressions, which report t-statistics based on 2-way clustered standard errors. Superscripts ***, **, and * indicate 
statistical significance at 1, 5, and 10 percent levels, respectively. 
 

Panel A: Without Control Variables 

Anomaly 
  EW     VW   

1-factor model 3-factor model 4-factor model 1-factor model 3-factor model 4-factor model 
Asset growth 1.75 (3.47) 1.41 (2.40) 1.55 (2.77) 2.02 (3.32) 1.57 (4.13) 1.70 (5.28) 
Investment-to-asset 1.08 (3.02) 0.85 (2.10) 1.00 (2.71) 0.89 (2.10) 0.60 (1.76) 0.71 (2.26) 
Investment growth 1.18 (3.35) 1.01 (2.78) 1.17 (3.77) 1.86 (2.06) 1.61 (2.25) 1.83 (2.80) 
Size 2.76 (2.09) 1.06 (1.10) 0.78 (0.84) 2.45 (2.03) 0.82 (0.98) 0.58 (0.73) 
Short-term reversal 2.02 (2.58) 1.79 (2.40) 1.59 (2.11) 0.78 (1.32) 0.73 (1.26) 0.52 (0.88) 
Momentum -1.05 (-1.26) -0.50 (-0.61) 0.55 (1.45) -1.32 (-1.34) -0.89 (-0.96) 0.36 (0.96) 
Long-run reversal 1.54 (2.01) 0.42 (0.62) 0.50 (0.73) 1.93 (2.65) 0.86 (1.53) 0.89 (1.62) 
Book-to-market 0.71 (1.38) 0.03 (0.09) 0.08 (0.22) 1.15 (1.62) 0.25 (0.90) 0.23 (0.85) 
Sales growth 1.06 (2.71) 0.75 (1.62) 0.88 (2.06) 1.67 (2.61) 1.33 (3.52) 1.41 (3.76) 
Gross profitability 0.77 (1.50) 0.83 (1.62) 0.86 (1.53) 0.60 (1.17) 0.97 (1.48) 1.24 (1.93) 
SUE -0.61 (-1.22) -0.42 (-0.89) -0.10 (-0.35) -0.24 (-0.49) 0.02 (0.05) 0.39 (0.84) 
Return on asset -0.46 (-0.39) -0.01 (-0.01) 0.31 (0.30) 0.46 (0.46) 1.05 (1.04) 1.27 (1.32) 
Net equity issuance 0.78 (1.22) 0.63 (1.53) 0.85 (2.29) 1.06 (1.32) 0.96 (1.48) 1.18 (2.04) 
Composite issuance 0.62 (1.12) 0.58 (1.73) 0.71 (2.26) 0.98 (2.51) 0.84 (2.82) 0.89 (3.12) 
Debt financing 1.07 (3.03) 0.98 (2.57) 1.05 (2.76) 0.78 (1.69) 0.62 (1.54) 0.70 (1.82) 
Accrual -0.03 (-0.08) -0.07 (-0.17) -0.05 (-0.10) 0.23 (0.43) 0.35 (0.60) 0.40 (0.70) 
∆NOA 0.96 (1.97) 0.79 (1.35) 0.90 (1.53) 1.16 (3.61) 1.04 (2.75) 1.15 (3.45) 
Inventory changes 0.71 (2.15) 0.54 (1.32) 0.66 (1.59) 0.86 (1.38) 0.63 (1.43) 0.82 (2.09) 
Net Operating Assets 1.64 (3.39) 1.67 (3.47) 1.84 (4.20) 1.07 (3.58) 1.04 (3.18) 1.15 (3.83) 
Financial distress -0.43 (-0.40) 0.22 (0.21) 0.72 (0.87) 0.45 (0.37) 1.39 (1.24) 2.00 (2.11) 
       
Pooled Regression 0.86 (2.26)** 0.58 (2.44)** 0.73 (7.26)*** 0.94 (2.21)** 0.69 (2.51)** 0.86 (6.33)*** 
Composite strategy 1.41 (2.26)** 1.14 (2.17)** 1.46 (5.12)*** 0.75 (1.00) 0.22 (0.46) 0.49 (1.24) 
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Panel B: With Control Variables 

Anomaly 
  EW     VW   

1-factor model 3-factor model 4-factor model 1-factor model 3-factor model 4-factor model 

Control for Sentiment Only 

Pooled Regression 0.63 (1.71)* 0.45 (1.53) 0.65 (6.19)*** 0.88 (2.07)** 0.689 (2.14)** 0.92 (5.58)*** 
Composite strategy 1.41 (2.00)** 1.05 (1.75)* 1.48 (4.80)*** 0.93 (1.10) 0.21 (0.39) 0.55 (1.24) 
       

Control for LIBOR, TED, VIX, ILLIQ, and Sentiment 

Pooled Regression 0.78 (1.45) 0.57 (1.23) 0.66 (1.69)* 1.16 (1.89)* 0.94 (1.99)** 1.04 (4.93)*** 
Composite strategy 1.90 (3.17)*** 1.48 (2.28)** 1.57 (4.78)*** 1.13 (1.40) 0.39 (0.79) 0.46 (0.82) 
       

Control for TBILL, DEF, MKTVOL, and ILLIQ 

Pooled Regression 1.39 (3.38)*** 0.95 (2.74)*** 0.84 (4.37)*** 1.45 (3.03)*** 0.96 (2.77)*** 0.84 (4.13)*** 
Composite strategy 3.24 (5.98)*** 2.55 (5.35)*** 2.38 (6.19)*** 1.85 (2.10)** 0.77 (1.38) 0.63 (1.16) 
       

Control for TBILL, DEF, MKTVOL, ILLIQ, and Allow for Time-varying Market Beta 

Pooled Regression 1.21 (3.39)*** 0.87 (2.63)** 0.81 (4.28)*** 1.17 (3.34)*** 0.82 (2.89)*** 0.76 (4.98)*** 
Composite strategy 2.87 (6.16)*** 2.33 (4.57)*** 2.30 (6.01)*** 1.37 (2.30)** 0.51 (1.11) 0.48 (1.04) 
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Table 9 
Difference in Anomaly Returns between High- and Low-Aggregate IVOL Periods – Long and Short Legs 
 
Table 9 presents the difference in risk-adjusted long- and short-leg returns between high- and low-Aggregate IVOL periods. Detailed definitions of the anomaly 
variables are given in the Appendix. In the composite strategy, we sort stocks based on the average decile rank of the twenty anomaly variables. Each month, we 
sort sample firms into decile portfolios based on each anomaly variable. We then construct long-short strategies based on the two extreme deciles, with the long 
position being the higher-performing decile and the short position being the lower-performing decile (according to prior literature). Detailed definition of IVOL is 
given in equation (4). We compute aggregate IVOL as the value-weighted average IVOL across all sample stocks. We split the sample period for each anomaly 
evenly into high- and low-aggregate IVOL periods according to the past 12-month aggregate IVOL. We report the average anomaly returns for high- and low-
IVOL periods. We also compute the difference in anomaly returns between high- and low-aggregate IVOL periods. The anomaly returns are in percent. Numbers 
in parentheses are t-statistics except those for average returns, which are z-statistics. Superscripts ***, **, and * indicate statistical significance at 1, 5, and 10 percent 
levels, respectively. To avoid clutter, we only use these superscripts for the average return and the composite strategy. 
 

Panel A: Equal-weighted Returns      

Anomaly 
 1-factor model   3-factor model   4-factor model  

Short Leg Long Leg Short Leg Long Leg Short Leg Long Leg 
Asset growth 0.68 (2.30) 0.52 (1.56) 0.64 (2.76) 0.31 (1.18) 0.74 (3.51) 0.27 (1.04) 
Investment-to-asset 0.69 (3.39) 0.35 (1.75) 0.72 (3.83) 0.16 (1.00) 0.79 (4.49) 0.16 (0.95) 
Investment growth 0.26 (1.07) 0.57 (2.50) 0.27 (1.39) 0.44 (2.36) 0.32 (1.78) 0.44 (2.39) 
Size 0.20 (1.18) 0.53 (1.25) -0.01 (-0.11) 0.19 (0.58) -0.03 (-0.47) 0.07 (0.22) 
Short-term reversal 0.43 (1.94) 0.98 (3.61) 0.51 (2.45) 0.81 (3.33) 0.51 (2.41) 0.71 (3.04) 
Momentum 0.08 (0.26) -0.04 (-0.14) 0.27 (1.00) -0.08 (-0.40) 0.55 (2.70) 0.16 (1.05) 
Long-run reversal 0.47 (2.29) 0.42 (1.42) 0.42 (2.46) 0.15 (0.67) 0.46 (2.78) 0.14 (0.65) 
Book-to-market 0.66 (2.69) 0.33 (1.69) 0.45 (2.81) 0.12 (0.72) 0.47 (3.04) 0.11 (0.68) 
Sales growth 0.75 (2.60) 0.19 (0.64) 0.74 (3.29) -0.00 (-0.02) 0.82 (4.01) -0.04 (-0.17) 
Gross profitability 0.05 (0.19) 0.47 (3.14) -0.01 (-0.02) 0.55 (4.02) 0.00 (0.02) 0.55 (4.02) 
SUE -1.09 (-2.41) 1.03 (2.83) -0.46 (-1.16) 0.54 (1.71) -0.23 (-0.69) 0.47 (1.51) 
Return on asset -0.82 (-1.51) -0.14 (-0.66) -0.39 (-0.89) -0.07 (-0.43) -0.25 (-0.60) -0.08 (-0.35) 
Net equity issuance 0.47 (2.08) 0.02 (0.14) 0.48 (2.41) -0.04 (-0.30) 0.56 (3.00) -0.02 (-0.18) 
Composite issuance 0.59 (3.35) -0.13 (-0.69) 0.56 (3.50) -0.11 (-0.74) 0.58 (3.76) -0.09 (-0.58) 
Debt financing 0.59 (2.96) -0.17 (-0.85) 0.71 (4.22) -0.30 (-1.85) 0.72 (4.34) -0.30 (-1.87) 
Accrual -0.00 (-0.02) 0.10 (0.39) 0.02 (0.07) 0.07 (0.26) 0.05 (0.28) 0.03 (0.14) 
∆NOA 0.68 (3.11) 0.26 (1.17) 0.72 (3.76) 0.11 (0.58) 0.80 (4.62) 0.07 (0.38) 
Inventory changes 0.33 (1.76) 0.29 (1.53) 0.34 (1.99) 0.17 (1.05) 0.37 (2.30) 0.19 (0.90) 
Net Operating Assets 0.86 (4.56) 0.39 (2.03) 0.87 (4.71) 0.44 (2.39) 0.89 (5.52) 0.43 (2.39) 
Financial distress -0.92 (-1.96) -0.04 (-0.21) -0.44 (-1.02) 0.22 (0.67) -0.27 (-0.68) 0.19 (1.17) 
       
Average return 0.25 (0.92) 0.30 (1.85)* 0.32 (1.66)* 0.18 (1.45) 0.39 (2.17)** 0.17 (1.49) 
Composite strategy 0.96 (4.44)*** 0.18 (1.18) 0.89 (4.65)*** 0.07 (0.54) 1.00 (6.29)*** 0.10 (0.78) 



56 
 

Panel B: Value-weighted Returns      

Anomaly 
 1-factor model   3-factor model   4-factor model  

Short Leg Long Leg Short Leg Long Leg Short Leg Long Leg 
Asset growth 0.74 (2.55) 0.44 (1.84) 0.67 (2.75) 0.25 (1.15) 0.74 (3.20) 0.21 (1.04) 
Investment-to-asset 0.74 (2.96) 0.12 (0.55) 0.77 (3.34) -0.09 (-0.49) 0.82 (3.56) -0.08 (-0.44) 
Investment growth 0.41 (1.20) 0.46 (1.80) 0.47 (1.58) 0.22 (1.17) 0.58 (2.19) 0.20 (1.07) 
Size 0.26 (1.35) 0.30 (0.85) 0.03 (0.29) 0.00 (0.01) 0.01 (0.10) -0.09 (-0.34) 
Short-term reversal 0.10 (0.35) 0.52 (1.72) 0.19 (0.74) 0.39 (1.37) 0.18 (0.68) 0.30 (1.08) 
Momentum -0.12 (-0.35) -0.16 (-0.50) 0.05 (0.17) -0.23 (-0.82) 0.36 (1.65) 0.09 (0.45) 
Long-run reversal 0.43 (1.73) 0.55 (1.75) 0.39 (1.91) 0.35 (1.13) 0.41 (2.02) 0.27 (1.10) 
Book-to-market 0.33 (1.29) 0.56 (2.17) 0.04 (0.25) 0.26 (1.25) 0.05 (0.29) 0.25 (1.18) 
Sales growth 0.95 (3.10) 0.18 (0.70) 0.93 (3.57) -0.02 (-0.08) 1.00 (4.00) -0.06 (-0.26) 
Gross profitability 0.01 (0.04) 0.21 (0.85) 0.10 (0.30) 0.36 (1.54) 0.19 (0.64) 0.38 (1.63) 
SUE -0.65 (-1.61) 0.56 (1.79) -0.02 (-0.06) 0.16 (0.56) 0.17 (0.59) 0.14 (0.51) 
Return on asset -0.16 (-0.31) -0.21 (-0.70) 0.17 (0.43) 0.07 (0.28) 0.21 (0.54) 0.13 (0.60) 
Net equity issuance 0.05 (0.17) 0.20 (1.15) 0.09 (0.38) 0.11 (0.66) 0.16 (0.70) 0.13 (0.82) 
Composite issuance 0.54 (2.63) -0.10 (-0.41) 0.58 (2.87) -0.21 (-1.14) 0.61 (3.02) -0.22 (-1.18) 
Debt financing 0.27 (1.07) -0.09 (-0.32) 0.36 (1.56) -0.20 (-0.82) 0.37 (1.57) -0.20 (-0.79) 
Accrual 0.05 (0.16) 0.01 (0.02) 0.04 (0.13) 0.11 (0.34) 0.09 (0.32) 0.08 (0.23) 
∆NOA 0.61 (2.53) 0.27 (1.32) 0.63 (3.05) 0.17 (0.88) 0.71 (3.59) 0.15 (0.76) 
Inventory changes 0.32 (1.09) 0.08 (0.35) 0.34 (1.22) -0.09 (-0.41) 0.43 (1.67) -0.11 (-0.48) 
Net Operating Assets 0.51 (2.16) 0.16 (0.71) 0.54 (2.51) 0.11 (0.52) 0.61 (3.07) 0.09 (0.38) 
Financial distress -0.60 (-1.04) -0.16 (-0.50) 0.16 (0.34) 0.02 (0.07) 0.29 (0.61) -0.19 (-0.68) 
       
Average return 0.24 (1.30) 0.20 (1.70)* 0.33 (2.60)*** 0.09 (1.04) 0.40 (3.22)*** 0.07 (0.94) 
Composite strategy 0.56 (2.47)** 0.04 (0.14) 0.48 (2.46)** -0.22 (-1.08) 0.57 (3.25)*** -0.19 (-0.96) 
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Table 10 
Cross-Anomaly Analysis 
 
Table 10 presents the regression: 	 _ 	  across 20 anomalies. The dependent variable is the difference in anomaly returns 
between high- and low-aggregate IVOL periods reported in Table 6. Detailed definitions of the anomaly variables are given in the Appendix. Each month, we sort 
sample firms into decile portfolios based on each anomaly variable. We then construct long-short strategies based on the two extreme deciles, with the long position 
being the higher-performing decile and the short position being the lower-performing decile (according to prior literature). IVOL_rank is the average percentile 
IVOL rank among stocks in the two extreme anomaly variable-sorted deciles. Horizon is the average holding period among stocks in the two extreme anomaly 
variable-sorted deciles. Numbers in parentheses are t-statistics based on White heteroskedasticity-consistent standard errors. Superscripts ***, **, and * indicate 
statistical significance at 1, 5, and 10 percent levels, respectively. 
 

Dependent Variable: Difference in Anomaly Returns Between High- and Low-Aggregate IVOL Periods in Table 6 
   Equal-Weighted     Value-Weighted   
 Raw return 1-factor α 3-factor α 4-factor α  Raw return 1-factor α 3-factor α 4-factor α 
Intercept -1.26 

(-1.21) 
-1.07 

(-0.93) 
-0.62 

(-0.80) 
-0.79 

(-0.96) 
-1.61 

(-1.93) 
-1.61 

(-1.67) 
-0.87 

(-1.49) 
-0.98 

(-1.54) 
         
IVOL_rank 3.11* 

(1.78) 
2.83 

(1.07) 
1.95 

(1.48) 
2.35* 
(1.67) 

3.54** 
(2.40) 

3.58** 
(2.14) 

2.22** 
(2.11) 

2.53** 
(2.27) 

         
Horizon 0.81 

(1.31) 
0.85* 
(1.95) 

0.39 
(0.84) 

0.30 
(0.82) 

0.81** 
(2.30) 

0.95** 
(2.19) 

0.35* 
(1.74) 

0.25* 
(1.75) 

         
R-squared 0.19 0.18 0.09 0.10 0.32 0.33 0.19 0.24 

 
 


